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Abstract 
This study is part of a sheep crossbreeding decision support system (DSS) project that 
aimed to provide quality decision oriented information to support NZ sheep breeders make 
decisions about appropriate crossbreeding systems. Unlike much 'mainstream' research, this 
study is based mainly on data from the published literature, with only limited data being 
collected from farm trials. The main objective of the study was to develop useful algorithms 
and tools to help with the development of the DSS for the delivery of the quality information. 
These algorithms and tools can be categorised into four groups. 
The first group was developed for systematically reviewing the published literature, 
categorising reported results and collating qualified data. A relational database was developed 
to store and manipulate the sheep crossbreeding data, using modem computing technologies and 
tools. Crossbreeding data, mainly least squares means (local means) and standard errors (SE) 
are organised in the database based on their genotyp~s, traits, sources and environments, to 
. 
allow easy management and search as well as further genetic analyses. Compatibility with the 
NZ Sheep Improvement Limited (SIL) database was also considered in the DSS database 
development to allow data communication between the two. 
The NZ farm class classification, that has been used by NZ Meat and Wool Service for 
years to categorise NZ farms based on their topography, soil types, management styles and 
regional locations, was chosen as the environmental identifiers of the crossbreeding data to be 
collated. It was well recognized that this was a less than perfect classification because by its 
nature it was unable to differentiate the within farm or within trial environmental influences, 
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and was unable to reflect environmental changes with time. However, this was the closest 
environmental classification that could be used to provide useful categories for combining local 
results from different trials according to their relevance to particular farming systems, which are 
necessary to the development of the other algorithms and tools in this study. 
Using this algorithm, literature from sheep crossbreeding studies within NZ from 1972 
onwards was reviewed intensively, and identified useful data were collated into the database. It 
was found that most sheep crossbreeding experiments conducted in NZ to date were 
introductory studies, which were unrelated, small in scale, mainly for breed comparisons rather 
than explicitly studying heterotic effects. Data from these experiments covered a wide range of 
breeds, traits and NZ environments, but were generally sparse. In many cases, for the 
performance merit of a genotype for a trait, estimates from different studies were very different 
and, consequently, hard to use. Considerable information gaps, not only in the trait 
performance of the genotypes under consideration, but also in the heterosis estimates were also 
identified from the review. To assist in the study, literature on decision support system 
development in agriculture, meta-analysis methodology for data combining and methodology 
for estimating crossbreeding effects were also reviewed. 
The second group was developed, consequently, for combining the local, replicated 
estimates from different studies into generalised means for each available genotype per farm 
class. The generalised results, also termed as regional means, are the genotypic effects averaged 
across particular farm classes, ignoring specific within-region genotype x environment 
interactions, and therefore are applicable to the whole farm class or associated region. The 
weighted least squares approach was used in the data combining process, where 1/SEj2 was used 
as the weight for the ith local mean, breed (genotype) and year effect were fitted as factors, and 
covariate was used for linear adjustment when necessary. Given insufficient local means in a 
number of farm classes, farm class was unable to be fitted as a factor in the analyses, and 
consequently the genotype x environment interactioI1 at the farm class level was also ignored. 
Using the meta-analysis algorithm, analyses were performed per farm class (if possible) 
and the regional means and associated SEs for each available genotype were estimated within 
the farm class. These results were to be used in further analyses of crossbreeding effects. From 
these analyses, conflicts existing in the published papers were also detected, and research areas 
that needed further study were identified as well. 
A detailed discussion was given on the factors that were likely to cause biases in the 
analyses results. This covered the suitability of using farm class as the environmental 
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identifiers, within study/trial biases, the year effect factor, the weighting policy of using lISE/, 
linear adjustment method when covariate was used, and other unaccountable factors such as 
animal age, publication biases. Therefore, the generalised data produced were regarded as 
preliminary results, and further work on the process was suggested. 
The third group was developed for the estimation of crossbreeding effects based on the 
generalised data. A computer program, named HeterosisEstimator, was explicitly developed as 
a DSS tool to estimate crossbreeding effects for different crossbreeding plans (models). The 
algorithm of analysing a large number of crossbreeding plans, a genetic model that accounted 
for additive, dominance and additive x additive epistatic effects, and a statistical routine of 
weighted least squares (l/SE2 of each regional mean were used as the weight), were 
implemented in the program. Automation mechanisms for reading input data, forming the 
relationship matrix, calculating crossbreeding parameters and writing results in specified 
Microsoft Excel files, were also implemented in the program, which consequently improved the 
speed and efficiency of the estimation analyses considerably. 
A large number of estimates of underlying crossbreeding parameters, in particular the 
direct and maternal heterosis, was produced from the estimation analyses. These estimates were 
based on existing crossbreeding data from the NZ sheep industry which had seldom been reused 
before, and therefore should be regarded as increased/extended information. It was found that 
for many breed combinations, the estimates of heterotic effects (either direct or maternal) had 
ranges of values across different crossbreeding plans, indicating that the ranges rather than 
single point values should be used in the following prediction of crossbred performance. It was 
also found that maternal heterosis was unable to be estimated for many breed combinations 
owing to insufficient input data, which brought uncertainties to the prediction of crossbred 
performance. The algorithm and factors that were likely to affect the quality of estimation of 
crossbreeding effects were discussed. 
The fourth group was to demonstrate how to use the developed simulation algorithms 
and model to explore the variations in crossbred performance predictions arising from different 
crossbreeding plans and parameter estimates with uncertainties. A simplified dominance model 
and quantitative risk analysis concepts and technologies were used in the simulation under a set 
of assumptions. Crossbreeding parameter estimates were fitted with normal distribution 
functions to cope with uncertainties. The simulation model was built using a Microsoft Excel 
add-in program package named @Risk and a predefined design matrix for genotypes under 
consideration. The relevant generalised regional means were used as target data of the 
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simulation model and the deviations of the predicted means against the target means were 
monitored during simulation to meet a predefined criterion. 
The normal distribution functions were inputs to the simulation model. Simulation 
started and iterated many times. At the end of each run, sensitivity results of the monitored 
variables were analysed and the distribution functions were adjusted accordingly for the next 
simulation run. When the criterion was met, the simulation was completed and the simulated 
results, including the point values of parameters and predicted performance merits for genotypes 
within the current crossbreeding system were produced as part of the information that the DSS 
is expected to provide to decision makers. An algorithm to calculate aggregate economic 
returns for each genotype and, consequently, the best genotypes within the current system, was 
also demonstrated using arbitrary relative economic weights for each trait under consideration. 
The simulation algorithms, genetic model, simulation model and issues developed during 
simulation and corresponding solutions to them were also discussed. 
A general discussion was given about the contributions that this study has made to the 
DSS and the NZ sheep industry, the advantages and disadvantages of the algorithms and tools, 
and suggestions to further development of the DSS. The major conclusions drawn are: a) This 
study has made contributions to improve the understanding of sheep crossbreeding in NZ as a 
whole, including the systematic review of published literature and collation of identified results, 
the approach for combing local data to allow estimates of underlying crossbreeding parameters 
to be obtained, and their incorporation into a simulation model using genetic prediction 
algorithms and risk analysis procedures to evaluate variations in crossbred performance 
predictions; b) The algorithms and tools developed in this study are important to the DSS and 
can be incorporated into the DSS in the future; c) The DSS is a good solution to provide quality 
decision oriented information to NZ sheep breeders and help with their crossbreeding practice; 
d) Merging the local data into regional means is crucial to the entire study. This is an open-
ended and iterative process, as are the estimation and simulation processes. 
Keywords: DSS, information system, database, farm class, sheep crossbreeding, heterosis, 
hybrid vigour, crossbreeding parameter, crossbreeding system, additive effect, dominance, 
epistasis, user-centred, modelling, meta-analysis, data generalisation, regional mean, use case, 
class diagram, weighted least squares, least squares mean, dominance model, eBE, 
HeterosisEstimator, algorithm, simulation, @Risk, Quantitative risk analysis, probability 
distribution function, scenario analysis, sensitivity analysis, goal seek 
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Chapter 1 
Introduction 
1.1 Background 
Crossbreeding is a commonly used and powerful tool in animal production. It offers 
great flexibility for users to exploit the resources of breeds and strains and to change production 
directions quickly. In future, the challenge for livestock genetic improvement will be producing 
ideal economic breeds within the context of specific production and marketing environments. 
Creating efficient crossbreeding systems by effectively combining available breed resources and 
wise use of available technologies could foster the accomplishment of the ideal (Taylor et al. 
1997). 
Crossbreeding effects, referred to mainly as heterosis (or hybrid vigour), have been 
manifested in plant and animal industries for many years throughout the world. Literally, 
heterosis is defined as the extra performance of the crossbreds over the weighted average of the 
parent breeds (Kinghorn 1997), or the amount by which merit in crossbreds deviates from the 
additive component (Swan and Kinghorn 1991). In the simplest case where only two parent 
purebreds are involved, heterosis is measured as the amount that the offspring merit deviates 
from the mid-parent mean, which is the most commonly used concept of heterosis (Nitter 1978; 
Price 1998). 
The extent of the use of crossbreeding in sheep is far behind that in the swine and 
poultry industries because of the low fecundity of sheep and the low extent of specialisation in 
sheep production. Stratified crossbreeding structures, which are related to the quality of 
grazing, can be found in lamb production systems in the UK, Australia, and the USA (Ch'ang 
and Atkins 1982; Read 1982; Terrill 1982). They are relatively simple compared to those in the 
swine and poultry industries. There is great potential to promote the competitiveness of the 
sheep industry by establishing well-designed crossbreeding systems (Clarke 1995). 
Great interest in crossbreeding has been generated among sheep breeders in New 
Zealand in recent years, in response to market changes in which wool has become less important 
than previously. As pointed out by McEwan et al.(1995), wool and lamb provided 45% and 6% 
of the gross revenue respectively in NZ sheep and beef farms in the 1987/88 season, in contrast 
to 28% and 22% respectively in the 1993/94 season. The wool proportion of the gross revenue 
has been decreasing in recent years according the official surveys by the Meat and Wool 
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Economic Service of New Zealand: 20.9% in the 1997/98 season, 19.5% in the 1998/99 season 
and 18.5% in the 1999/2000 season (NZMWES 2001). Consequently, knowledge and 
information on how to make better use of crossbreeding are at high demand in the NZ sheep 
industry in order to compete for niche markets and to improve the sheep farming profitability. 
However, despite the enormous amount of sheep crossbreeding research which has been 
carried out in comparing breeds and crosses in the past, it has proved difficult to find good 
quality data that can be used to provide extension advice for crossbreeding in specific 
environments (Price 1998). The problem is compounded by the wide variety of environments, 
sheep breeds, and management systems in NZ which can create major difficulties, not only in 
determining the level of crossbred performance but also in establishing the ranking of different 
breeds and crosses. 
A number of questions need to be answered before any sensible suggestions about 
structured crossbreeding systems can be made. These include: 
• How much useful information on sheep crossbreeding exists in NZ literature? 
• How can such information be robustly converted to regional and national 
information for general use? 
• Would the existing information be sufficient to study crossbreeding systems 
using the sheep genetics theories? 
• How can the existing information be used to estimate heterotic effects in order 
to predict and rank the performance of different breeds and crosses? 
• How can different crossbred genotypes and crossbreeding systems be evaluated 
if the existing information is insufficient? 
To tackle these problems and prepare for the future needs of designing NZ national 
sheep crossbreeding systems, a research project aimed to develop a sheep crossbreeding 
decision support system (DSS) was commenced in 1998. Such a DSS would offer a convenient 
way of manipulating crossbreeding information, estimating and predicting the crossbreeding 
effects of different breeds and their crosses in specific environments, and ranking different 
crossbreeding programs and breed combinations by using reliable published data and 
appropriate economic weights. It is expected that the DSS users would be able to find the 
optimal choice for their own situations, and consequently the industry would move towards the 
better structure to exploit the existing breed and strain resources. 
This DSS project was funded by the NZ WoolPro (previously Wools of NZ), managed 
by the Wool Research Organization of NZ (WRONZ) and supported by the NZ Sheep Council 
and a number of researchers and sheep farmers who supplied data, wool samples and advice. 
As a part of the project, this thesis focuses mainly on developing algorithms and tools that are 
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useful for the development and future extension of the DSS. Lincoln University provided 
research funding and scholarships to the thesis work. The major objectives are: 
• Systematically review the published literature to identify useful data from NZ 
sheep crossbreeding trials and information gaps. 
• Develop a sheep crossbreeding database and collate data from both the literature 
and farm trials for the DSS. 
• Develop algorithms and use them to analyse the collated data, in order to produce 
regional means (or generalised means) that are the genotypic effects averaged 
across particular environment, ignoring specific within-region genotype x 
environment interactions. These are therefore applicable to the corresponding 
environmental regions and can be used to estimate crossbreeding effects. 
• Develop algorithms and methodology and use them to estimate crossbreeding 
effects using the regional means. 
• Develop a computer program that automates the estimation process including 
automatically reading input means, analysing crossbreeding models and writing 
results to excel worksheets for further analysis. 
• Develop a simulation model and algorithms and use them to handle uncertainties 
of crossbreeding effects and to predict untested crossbred performance. 
1.2 Project flow chart and thesis structure 
The project flow chart is displayed in Figure 1.1. 
Figure 1.1 Flow chart of the DSS project 
Trail info 
Class info 
Source info 
Means & SEs 
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The project started with a literature review of published crossbreeding trials within NZ 
in order to identify the useful information for data collation, as well as information gaps that 
needed further work to fill (Chapter 2). A brief review of the development of agricultural DSS 
was also given in Chapter 2 in order to identify the problems that the DSS project was likely to 
confront, and to report suitable technologies for a database and DSS development. The meta-
analysis methodology and crossbreeding theories were also reviewed in Chapter 2. 
A sheep crossbreeding database was established with a user-centred policy being 
applied to the analysis, design and implementation of the database (Chapter 3). 
Data collation was then performed. The data types incorporated into the database were 
the least squares means (LSMean) and standard errors of means (SE) of raw data which were 
produced by a subroutine of unbalanced analysis of variance within the generalised linear model 
(GLM); the analysed results and the LSMeans and SEs from literature data that met the 
requirements for data quality. The collated data in the database were analysed by using the 
weighted least squares approach to produce generalised means and standard errors (Figure 1.1). 
These procedures are covered in detail in Chapter 4. 
The generalised data were used in a crossbreeding model to estimate crossbreeding 
parameters including direct and maternal heterosis. A computer program was developed for this 
task specifically to reduce the computing time and automate the process. The resultant 
parameters were analysed together with the reported heterosis estimates stored in the database, 
in order to prepare for defining appropriate probability distribution functions (Chapter 5). 
The distribution functions were defined and input into a computer simulation model to 
predict performance of different crossbred genotypes, using the current crossbreeding theory 
and risk analysis technologies (Chapter 6). The predicted results were tested against certain 
target data. The simulation iterated until predefined criteria were met. The validated simulation 
results were then stored and ready to be used in the DSS in order to produce decision oriented 
information at either trait or production levels to users to make better decisions on adopting 
appropriate crossbreeding systems. 
At the time of the thesis writing, the first vetsion of the DSS software was completed by 
WRONZ but has not been validated against independent data. Some thesis work, such as the 
simulation study and the computer program, were still under development at that time, which 
consequently was unable to incorporate into the first version of the DSS. A general discussion 
was therefore given in Chapter 7 to further discuss the usefulness of the thesis work to the DSS 
and how to integrate it into the DSS. Issues that need to be considered in the later versions of 
the DSS were also discussed and suggestions were consequently given in this chapter. 
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Chapter 2 
Literature review 
Part 1: Sheep crossbreeding research in New Zealand 
2.1 Introduction 
The NZ sheep industry has traditionally been largely based on one breed - the Romney 
(Meyer et al. 1977; Stewart and Garrick 1996). Crossbreeding has played an important role in 
the industry's development. Its contributions can be grouped into three categories: formation of 
new synthetic breeds (eg, Corriedale, Perendale, Coopworth, South Suffolk, South Dorset 
Down); improvement of lamb production (eg, crossing terminal sires over Romney derived 
local dams for prime lambs); improvement of individual traits (eg, fecundity, lean meat, wool 
bulk) (Clarke 1982b;1995; Clarke and Meyer 1982). 
Prior to the 1960s there was little information on the relative merits of New Zealand 
sheep breeds and crosses. Large-scale trials of diallel crosses were initiated in 1970 at the 
Woodlands and Templeton Agricultural Research Stations in order to compare the main 
contemporary purebreds and their reciprocal crosses (Clarke and Meyer 1982). Trials of Border 
Leicester (Bord) crossing Romney (Rom) in hill country, and trials comparing 15 sire breeds, 
are also well known examples of the evaluation of sheep crossbreeding in NZ (Clarke 1982a). 
A number of breeds have been imported to improve the national sheep flocks through 
crossbreeding, including Finnish Landrace (Finn), East Friesian (EF), Texel (Tex), Suffolk, 
Oxford Down (Oxford) and Booroola Merino (Booroola). The Booroola was imported from 
Australia from 1972 onwards. The Finn, EF and Oxford Down were first imported in 1972 
from the UK but were destroyed after scrapie was diagnosed in the EF flock during quarantine. 
However, the NZ born EF and Finn crossbred ewes showed high prolificacy (Clarke and Meyer 
1977; Meyer and Clarke 1978; Meyer et al. 1977). Consequently a second importation was 
made in 1984 through frozen embryos and semen, with Oxford Down from Denmark, Finn from 
Finland, and Texel from the both countries. The EF was re-imported from Sweden in 1992 due 
to a major interest in its high fecundity and high milk production. 
Most of the crossbreeding research conducted in NZ occurred in the 1970s and early 
1980s but then fell out of favour with funding bodies (McEwan J. pers. comm.). Breed 
evaluation trials have seldom been definitive and many have ignored wool and carcase quality 
\ 
traits and changes to production systems. Unlike other sheep producing countries such as the 
UK, the USA and Australia, there has been no widespread development of crossbreeding 
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systems based on first cross ewes in NZ (Ch'ang and Atkins 1982; Clarke 1995; Read 1982; 
Terrill 1982). 
Published NZ research from 1972 onwards was reviewed in this chapter in order to 
establish the background of sheep crossbreeding, with emphasis on the crossbred progeny from 
the newly imported breeds. The objectives were to identify in the literature information useful 
to the DSS project (Chapter 1), to summarise the reported results narratively rather than 
quantitatively, and to find possible deficiencies in the research and results published. No 
attempt was made here to evaluate or rank the various breeds or crosses. 
2.2 Research areas involved with crossbreeding 
Crossbreeding has been evaluated as a tool in the following sheep research areas: 
1. breeding new composite breeds. 
2. improving ewe reproduction traits. 
3. improving lamb growth rate and carcass traits. 
4. improving wool traits. 
5. increasing sheep resistance to disease. 
The perceived importance of crossbreeding in these areas is variable. It depends on the 
concurrent market situation, the funding body's priorities, the difficulty and cost of organising 
trials, and the duration of the research. Trials were normally performed to meet specific 
purposes within the areas mentioned above but normally not for the purpose of studying 
crossbreeding per se. Comprehensive studies on regional or national crossbreeding systems for 
prime lamb productions were not found in NZ literature. 
2.3 Summary of research results 
2.3.1 New composite breeds 
Crossbreeding has been used to incorporate desired merits into new composite breeds in 
NZ. The formation of the Corriedale (Corr), Perendale (Per) and Coopworth (Coop) have been 
well documented (Meadows 1997). Since 1989, Landcorp Farming Limited has screened large 
gene pools and mated those screened ewes to several breeds of rams (Romney, Wiltshire, Poll 
Dorset (PD), Coop worth and Texel) to form the Lamb Supreme terminal sire line (Nicoll 1995; 
Nicoll et al. 1992; Nicoll et al. 1998). 
Another significant new composite breed, the GrowBulk sheep, has been developed by 
crossing Poll Dorset and Texel rams over High Fleece Weight Romney (HFWRom) ewes to 
produce good bulky wool for carpet and knitwear without losing wool weight significantly 
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(Clarke et aZ. 1999; Lyons 2001; Sumner 1999). Members of the Southland-Otago Romney 
group are forming the Tefrom breed from crossing Texel, EF and Romney sheep (Campbell, R. 
and Welsh, R. pers. comm.). 
2.3.2 Reproduction 
Reproductive performance is one of the main areas in which crossbreeding can add 
great values in the form of heterosis (Nitter 1978). There were wide variations in the 
reproduction performance of Romneys and Bord x Romney (Table 2.1), indicating that there 
were large environmental influences on the reproduction traits. One trial of comparison of six 
Romney strains showed that there were up to 24% genetic differences for prolificacy among 
them (Baker et aZ. 1987; Dobbie 1988). These strain variations and environmental influences 
need to be carefully dealt with when trying to predict crossbred performance. For examples, 
different trains could be regarded as different genotypes rather than just as Romney; trials in 
different environments should be analysed separately. 
Table 2.1 Reproduction performance of the exotic breeds and their contemporary 
NZ genotypes (NLB: lambs born/ewe mated; NLW: lambs weaned (docked)/ewe mated; cells 
were left blank where no data were available) 
Ewe Breed After the 1st importation and After the 2nd importation 
before 1980 
Litter Size 
Border Leicester 1.581 
Cheviot 1.48' 
Coopworth 
Finn 
Merino 1.051 
Oxford Down 
Romney 1.047-1.58 
Texel 
Bord x Romney 1.2r?-1.718 
Cheviot x Romney 
PD x Romney 
EFxRomney 
EF x Coop worth 
Finn x Romney 
Merino x Romney 
Oxford x Romney 
Suffolk x Romney 
Texel x Romney 
1: (Clarke 1982a) 
3: (Jopson et al. 2000b) 
5: (Dobbie et al. 1985) 
7: (Meyer et al. 1977) 
9: (Wuliji et al. 1999) 
1.167 
1.267 
1.4r? 
1.617 
NLB 
0.787-1.388 
1.07-1.598 
1.057 
1.187 
1.387 
1.587 
(from 1985 onwards) 
NLW Litter Size 
1.191 
1.14' 
1.84-1.982 
2.14' 
0.761-1.075 1.156 
1.04' 
0.537-1.128 
1.34' 
0.877-1.388 1.24' 
0.677 
1.037 
1.297 
2.57-2.762 
1.367 1.74* 
1.13-1.25 
1.34' 
1.34' 
1.14* 
2: (Jopson et aZ. 2000a) 
4: (McMillan et al. 1988) 
6: (Wuliji et aZ. 1998) 
8: (Baker et al. 1987) 
*: Ewe hogget 
NLB NLW 
1.983 1.50-1.592 
1.34' 
0.244' 
1.389 1.179 
0.844* 
0.654' 
2.l3-2.21 2 
1.314' 
0.444' 
0.634' 
0.614* 
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None of the Romney strains had prolificacy that surpassed the pure breed Coop worth or 
Border Leicester counterparts. To improve fertility and fecundity in the national flocks, it was 
therefore necessary to introduce new more prolific breeds such as Finn, EF and Booroola. 
These breeds were considered superior to the Romney and Romney-originated local breeds. 
Subsequent trials have verified this perception (Table 2.1). 
The EF and Finn were the most popular crossbreeding sires used to improve sheep 
fecundity in NZ at the time of this review. A preliminary report on exotic breeds (Texel, 
Oxford Down and Finn) after the second importation showed that the Finn crossbred ewe 
hoggets had exceptionally high mean estimates of Litter Size and NLB indicating the advantage 
of early reproduction rates in using Finn sires (McMillan et ai. 1988) (Table 2.1). A high 
fecundity in the EF which had a 230% lamb drop in mature ewes, and a reproductive superiority 
in their crosses were also reported (Allison 1995), although they were only released from 
quarantine in 1996. 
The outstanding reproduction performance in the EF, Finn and their crosses was also 
observed by other NZ workers (Table 2.1). The EF and Finn crosses were recognised to have 
an extremely low incidence of barrenness, high litter size and good lamb survival rate (Meyer 
and Clarke 1978; Meyer et ai. 1977). A recent study of EF by Coopworth crosses confirmed 
that their litter size and NLW ranged from 2.57 to 2.76 and 2.13 to 2.21 respectively, which 
were higher than straight Coop worth (Jopson et ai. 2000a; Jopson et ai. 2000b)(Table 2.1). 
Another reason that EF and Finn have stayed popular for promoting prolificacy is that 
their crossbred progeny are not too prolific to be managed under extensive NZ grazing 
conditions. It was found that the high incidence of mUltiple births from EF and Finn crossbred 
ewes, 59% and 41 % respectively, was mainly composed of twins with only one set of triplets 
being born (Meyer et ai. 1977). Davis et ai. (1983) also reported that the Finn and Finn crosses 
had a high percentage of twins ranging from 50% to 60%, and a high litter size ranging from 1.7 
to 2.3 lambs per ewe lambing. Singles and twins achieved higher survival rates compared to 
triplets and quadruples, which tended to have lower birth weights and were more susceptible to 
starvation and/or exposure, resulting in high mortality' rates (Davis and Hinch 1985; Hinch et ai. 
1983; Meyer and Clarke 1978). The high milk production in EF crossbred ewes (Allison 1995) 
may also have contributed to their good lamb survival rates. 
The Booroola was one of the common crossbreeding sire breeds used to improve 
fecundity in NZ before the EF and Finn became available. It is well known that the high 
fecundity in Booroola is controlled by the single major additive gene FecB (Davis et ai. 1991). 
Crossbreeding trials have showed that the introduction of a single copy of the FecB gene can lift 
the flock fecundity dramatically in a single generation, resulting in an increase in numbers of 
lambs weaned of about 20% (Piper et ai. 1979). This level of increase would take at least 20 
years of careful within-breed selection because the annual increase rate through selection is 
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unlikely to exceed 1 %. Averaged over many NZ flocks, ewes carrying one copy of the FecB 
gene, produced about one extra lamb per lambing (Davis and Meyer 1983). 
Unfortunately, there are also disadvantages in using the Booroola as a source of FecB 
genes in the NZ flocks. Compared to NZ local breeds ewes such as the Romney, Coopworth 
and Perendale, on average the crossbred ewes with one single copy of FecB gene produced 15% 
fewer twins, 4% more singles, 11 % more triplets and quadruplets, resulting in higher lamb 
mortalities and lower lamb growth rates (Davis et al. 1983; Hinch et al. 1983). Good 
management in these high fecundity Booroola flocks is crucial to ensure satisfactory lamb 
survival and growth rates (Davis and Meyer 1983). 
The other disadvantage of using the single gene effect in Booroola is that there are not 
intermediate types of modest fecundity. This can be moderated by regulating the number of 
carriers in the flock, for example having 25% of carrier ewes in the flock could achieve 25% 
increase of lamb drop (Davis and Meyer 1983). However, the 'over' fecundity issues in the 
carriers remain unsolved. Other factors associated with Booroola crosses, such as lighter ewe 
body weights, lower wool weights, different wool types and greater susceptibility to footrot, 
compared to NZ local breeds also affected the adoption of Booroola crosses in NZ (Davis and 
Hinch 1985; Davis and Meyer 1983). 
Crossbreeding has also been used to develop out-of-season lambing to supply chilled 
lambs to niche markets year-round. Difficulties, such as the restricted oestrous cycles of most 
NZ sheep breeds, seasonal growth patterns of pasture, extra management and feed demand, 
lower lamb growth rate and higher lamb mortality, are likely to be encountered when trying to 
extend the breeding season (Morris 1997). The Poll Dorset was identified as the appropriate 
breed for a natural expansion of the sheep breeding season in NZ without the use of hormones 
(Andrewes 1983; McQueen and Reid 1988; Smith et al. 1992) and consequently used as sires to 
produce crossbred ewes for this purpose. 
Border Leicester x Romney (BR), Poll Dorset x BR and Suffolk x Romney ewes have 
been used to evaluate out-of-season lambing policies in NZ (Morris et al. 1993). It was found 
that lambing policy, out-of-season vs spring, did not influence the proportion of ewes lambing 
but more (P<O.05) multiple births occurred in the spring lambing ewes, and the differences 
between crossbred genotypes in these two traits were small and non significant. Consequently, 
higher prices for out-of-season lambs were needed to compensate for the lower lamb production 
(Lowe et al. 1988; Morris et al. 1993). Unfortunately, the potential use of prolific breeds such 
as EF, Finn and Booroola in out-of-season lambing has not yet been explored in NZ. 
The potential of crossbreeding in the development of hogget lambing has not been 
comprehensively studied in NZ. Limited studies on hogget lambing indicated that it was 
feasible using NZ pure breeds (Romney, Coopworth, Perendale) (Johnston et al. 1996; McCall 
and Hight 1981; Moore et al. 1983). Hogget lambing may become widely accepted by NZ 
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fanners if more convincing evidence of economic advantages becomes available (Moore et al. 
1983). Crossbreeding may help to promote hogget lambing. This is because crossbred lambs 
sired by more fecund and earlier maturing breeds such as EF and Finn are also likely to show 
earlier puberty, better prolificacy and higher growth rate, and therefore stand better 
opportunities for successful hogget lambing than the counterpart purebred ewe lambs. 
Unfortunately, most of the studies mentioned above were unable to estimate heterosis 
due to the limited numbers of the imported animals. Further work is needed to explore the 
consequences of inadequate infonnation in this area. However, crossing with the Booroola was 
different because, in this case, the manipulation of a single major gene effect was involved, as 
distinct from the utilisation of heterosis. Consequently the Booroola will not be discussed any 
further in this review. 
2.3.3 Growth and carcass traits 
Growth rate has received the most attention in sheep crossbreeding research, especially 
in those studies where tenninal sires were evaluated (Kirton et al. 1995a; Kirton et al. 1995b). 
Carcass quality traits were ignored when fanners received no discount for over-fat lambs in 
1970s. In recent decades there has been more attention paid to the production of high quality, 
lean, prime lambs. Trials involving the Texel, Suffolk, Oxford Down and Poll Dorset (or 
Dorset) as tenninal sire breeds have been conducted. However, comparisons of the carcass 
perfonnance were only made between crossbreds and their counterpart local straight breeds 
because only limited numbers of animals of these tenninal sire breeds were available and which 
were not available for slaughter and measurement. Hence, heterosis estimations on carcass 
traits were very scarce. 
Most of the collectable growth data from NZ crossbreeding research are summarised in 
Table 2.2. Most genotypes in this table did not have more than three records on each trait, 
which may mean that any conclusion may be uncertain. Even for the Romney, which has 
received a lot of attention and was referred to as the base genotype of the table, it is still hard to 
draw conclusions on a growth pattern with confidence·because the results varied across different 
studies. However, ignoring the year effects, the different growth periods and the environmental 
effects that each research might have contained, it is very clear that most of the crossbred 
progeny showed superiority to the Romney or their counterpart local breeds in all three traits in 
the table. 
The Suffolk, Oxford Down, Texel and their crossbred progeny grew much faster than 
their Romney, Coopworth and Merino counterparts (Table 2.2). This was expected because 
these three breeds had been imported for use as tenninal sires. It was reported that the Oxford 
Down outperfonned the Suffolk and Texel in both weaning weight and yearling weight, both as 
pure breed and as crossbred genotypes. The Suffolk crosses had the highest post-weaning 
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Table 2.2 Lamb growth rate performance cited from NZ crossbreeding literature 
(N: number of reports; Means: reported means in range; % Rom: percentage of the mean 
performance relative to the mean Romney performance (100); the first breed named is the sire 
breed; cells were left blank where no data were available) 
Breed Birth weight 
N Means 
Border Leicester l 
BordMerino2 
BordRom3. 4. 5 2 4.44-5.10 
Coopworth6. 7. 8. 9. to 3 4.40-4.97 
CoopRom4. 9. to 2 3.98-4.30 
RomCoopl1 
EFCoop6 1 5.42 
EFCorrl2 
Coop(EFCoop )6 1 5.07 
(EFCoop )Coop 6 1 4.93 
(EFCorr)CorrI2 
Finn5 
FinnRom5. II 
Merinol. 2.13 
MerinoRom13• 14 
Texel5 
TexCooplI 
TexMerino2 
TexRom5. 15. 16 2 5.00 
Tex(TexRom/6 1 4.50 
TexRomF216 1 4.70 
(TexRom)RomI6 1 4.90 
(PDRom)(TexRom)16 1 4.60 
Oxford Down5 
OxfordCoopl1 
OxfordRom5 
SuffolkMerino2 
SuffoikRom5 
Romney!' 4. ~. 11. Jj·:lU 5 4.10-4.30 
(average) (4.20) 
1: (Clarke 1982a) 
3: (Dabiri et at. 1996) 
5: (McMillan et at. 1988) 
7: (Jopson et at. 2000b) 
9: (Bray et at. 1990) 
11: (Newman and Paterson 1991) 
13: (Dobbie et at. 1985) 
15: (Wuliji et at. 1995) 
17: (Morris et at. 1996b) 
19: (Morris et at. 1996a) 
% Rom 
114 
110 
99 
129 
121 
117 
119 
107 
112 
117 
110 
100 
N 
1 
1 
3 
7 
4 
1 
1 
1 
1 
1 
1 
1 
2 
4 
3 
1 
1 
1 
3 
1 
1 
1 
1 
1 
1 
1 
1 
1 
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Weaning weight Live weight(12 months old) 
Means % Rom N 
22.60 112 
26.90 133 1 
19.50-21.10 101 2 
15.50-26.00 111 
15.30-24.10 98 1 
26.10 129 1 
26.90 133 
31.62 156 
25.20 124 
23.40 115 
30.58 151 
24.67 122 1 
20.20-26.60 115 2 
17.90-22.20 98 3 
17.80-21.50 100 2 
25.30 125 1 
29.40 145 1 
25.90 128 1 
21.40-26.80 122 3 
24.20 119 1 
25.90 128 1 
23.20 115 1 
26.10 129 1 
27.57 136 1 
31.30 154 1 
22.00 109 1 
24.60 121 1 
20.80 103 1 
17.60-23.30 100 11 
(20.26) 
2: (Scales et at. 2000) 
4: (Baker et at. 1987) 
6: (Jopson et at. 2000a) 
8: (McEwan et at. 1990) 
10: (Fennessy et at. 1992) 
Means 
46.70 
47.90-54.30 
45.60 
55.20 
43.75 
42.50-51.20 
38.20-42.50 
46.60-48.10 
45.95 
60.10 
47.20 
53.00-54.60 
48.90 
54.20 
50.80 
55.30 
49.50 
60.10 
58.30 
48.30 
56.90 
38.20-45.40 
(42.60) 
12: Taylor/Cottle 2000 (field data) 
14: (Meyer and Kirton 1984) 
16: (Wuliji et at. 1997) 
18: (Everett-Hincks et at. 1998) 
20: (Kenyon et at. 1999) 
% Rom 
110 
120 
107 
130 
103 
110 
93 
111 
108 
141 
111 
126 
115 
127 
119 
130 
116 
141 
137 
113 
134 
100 
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growth rate among the crossbred progeny sired by these three terminal breeds (McMillan et al. 
1988). The TexRom F2 and (PDRom)(TexRom) had the highest performance among the Texel 
and Texel crossbred progeny in both weaning weight and live weight at 12 month old (Table 
2.2), possibly indicating the great advantage of using crossbred dams. 
Compared to the Suffolk, Oxford Down and Texel, the Finn was inferior in improving 
weaning weight and yearling weight in crossbred progeny (Table 2.2). This was not surprising 
because it has been selected mainly for high fecundity rather than high growth rate (Baker 
1988). Unlike the Finn, the EF was reported to have extra characteristics including high milk 
production and large body size besides the high fecundity (Allison 1995). A recent study 
showed that EF sired Coopworth progeny were 1.9 kg heavier than their pure Coopworth 
counterparts at weaning, and 4.2 kg heavier at six months of age (both P<0.01) (Jopson et al. 
2000a). The Border Leicester, which has been crossed with the Romney to develop the 
Coopworth for fertility and rapid growth (Meadows 1997), is still a good crossbreeding sire that 
can increase growth performance in the crossbred progeny (Table 2.2). It was reported to have 
had similar performance to the Texel (McMillan et al. 1988). 
It is hard to tell at this stage how much heterosis has been expressed in the results of 
different traits (Table 2.2). Normally 3% to 6% of heterosis can be expected for growth traits 
(Clarke 1982b; Nitter 1978). Using this guideline, Jopson et al. (2000a) estimated that 30% to 
40% of the difference between the EFCoop and pure Coopworth could be explained by 
heterosis for weaning weight and live weight at six months old. It may be necessary to 
undertake further studies on the effects of heterosis in order to estimate these effects more 
accurately and precisely for New Zealand sheep breeds and environments. 
The emphasis on producing fat lambs in the 1970s made the carcass characteristics of 
animals at that time quite different from the leaner lambs preferred by current consumers. 
Taking Romney hot carcass weight (CarcassWt) as an example, Figure 2.1 illustrated the 
difference between two groups of Romneys: slaughtered before 1973 and after 1980. The 
animals from the two groups performed quite differently. In general the 'after 1980' group had 
higher CarcassWt measurements than the 'before 1973' group in terms of similar growth 
periods. No estimate in the group of 'before 1973' had a CarcassWt measurement higher than 
15 kg within a period of one year growth. 
To avoid any possible misleading, only results reported after 1980 are tabulated in 
Table 2.3, where CarcassWt results are grouped into two growth periods according to their 
associated information as reported. Since both the eye muscle area (EMA) and ultrasonic fat 
depth (GR) have been adjusted to specified carcass weights in the original studies, results of 
these two traits are displayed in two carcass weight groups in the table. Wide variations in the 
performance of Romney and other genotypes can be seen in the carcass traits across different 
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trials (Figure 2.1 and Table 2.3), indicating environmental influences on these traits and the 
need of some sort of adjustments to allow statistical analyses on them. 
• before 1973 • after 1980 I 
25 
C; 20 
~ , . 
.. 
J: 15 ... ~ ... • • C) 
'iii :... -.-. Al 
-
• ;: 1/1 10 • • • 
_ ... -... 
• 1/1 
co 
U 
.... 
co 5 () 
• ... • 
-
o 
o 50 100 150 200 250 300 350 400 450 500 
Days of growth 
Figure 2.1 Different Romney carcass weights in two selection times 
Data from the following sources (the trial start year is in the second bracket): 
1: (Kirton et ai. 1982) (1971) 2: (Geenty et at. 1979) (1972) 
3: (Kirton et ai. 1995b) (1963) 4: (Meyer and Kirton 1984) (1982) 
5: (McEwan et al. 1990) (1984) 6: (purchas and Keogh 1984) (1984) 
7: (Bluett et ai. 1999) (1997) 8: (Nicoll 1995) (1994) 
9: (Kirton et ai. 1997) (1992) 10: (Nicoll et ai. 1998) (1995) 
Table 2.3 Carcass trait performance cited from NZ crossbreeding literature 
(the first breed named is the sire breed; cells were left blank where no data were available) 
Breed CarcassWt (kg) 
200-210 
(days) 
BordRom1 
EPRoml 
MerinoRom2 
PDRom3 19.10 
OxfordRom3.4 19.40 
SuffolkRom3.4.5.6 17.02-19.40 
TexRom3.4.5 19.00-19.20 
Merino7 
BordMerino7 
PDMerino7 
TexMerino7 
SuffolkMerino 7 
Romney2.3.5.8,9, 10, 11 13.00-19.20 
1: (Alhson 1995) 
3: (Kirton et ai. 1997) 
5: (Nicoll et ai. 1998) 
7: (Scales et ai. 2000) 
9: (Nicoll 1995) 
11: (Bluett et ai. 1999) 
228-360 
(days) 
13.60-13.90 
15.00-15.90 
20.60-21.70 
21.60-25.10 
19.00-22.40 
22.50 
12.50-16.70 
EMA(cm2) GR(mm) 
14.7-19.5 22.0-24.0 18.7-19.5 
(kg) (kg) (kg) 
8.9 13.80 
9.2 15.00 
9.55 
14.40 8.70 
12.30-12.70 9.20 
12.50-12.·70 9.20-12.50 
12.80-13.50 8.80-11.40 
12.40-14.10 17.30 9.90 
13.10-14.60 17.60 14.40 
13.50-15.70 18.20 12.00 
15.50-15.70 19.30 13.20 
14.30-15.10 18.00 12.20 
9.10-13.10 7.40-11.90 
2: (Meyer and Kirton 1984) 
4: (Cruickshank et at. 1996) 
6: (Bennett et ai. 1983) 
8: (purchas and Keogh 1984) 
10: (McEwan et at. 1990) 
22.0-24.0 
(kg) 
11.10 
9.90 
10.20 
10.60 
11.10 
9.60 
9.60 
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Crossbred lambs sired by the Oxford Down, Suffolk, Texel, Poll Dorset and Border 
Leicester showed superiority in carcass weight over the local dam breeds although the Romney 
results reported by different research were variable over a wide range (Table 2.3). Texel sired 
crossbred lambs generally had lower GR and superior EMA, compared with crossbred lambs 
sired by the Oxford Down, Suffolk and Border Leicester. This closely agreed with the 
preliminary report on carcass traits of these breeds from a NZ trial (Clarke et ai. 1988). Texel 
sired lambs also had a higher saleable meat yield and a higher proportion of muscle in the leg 
and shoulder cuts (Clarke et ai. 1988; Cruickshank et ai. 1996; Kirton et ai. 1997). 
The Poll Dorset is another important terminal sire breed used to produce crossbred 
lambs with rapid growth rates (Meadows 1997) (Table 2.3). Poll Dorset sired crossbred lambs 
had similar large EMA and similar amounts of meat in the leg and shoulder cuts to Texel sired 
crossbred lambs (Cruickshank et al. 1996; Kirton et ai. 1996; Kirton et al. 1997; Scales et ai. 
2000). The effect of the EF and Finn on carcass performance was not very clear although some 
evidence showed that crossbred lambs sired by either had lower GR than counterparts sired by 
local breeds (Allison 1995; Clarke et ai. 1988). 
The importance of meat quality will increase in the future with the development of 
"breeder-to-plate" or "supply chain" delivery systems. The ideal terminal sire of the future is 
expected to be white-faced, producing fast growing and lean crossbred progeny with meat of 
excellent eating qualities (including tenderness, juiciness and redness) and wool and pelt values 
similar to their dam breed (McEwan et al. 1995). The Texel and Poll Dorset have some of these 
features. The Landcorp Lamb Supreme, that has been reported to have had similar CarcassWt 
and EMA but lower GR compared with Texel and Suffolk (Nicoll 1995; Nicoll et al. 1992; 
Nicoll et ai. 1998), is an example of the move towards an ideal prime lamb sire. Further studies 
on the eating qualities of these breeds are needed to evaluate their overall performance (Kirton 
and Purchas 1996). 
2.3.4 Wool production and quality 
Positive heterotic effects have been reported in wool production traits such as greasy 
fleece weight from NZ studies but not often in wool quality traits such as fibre diameter (Clarke 
1982b; Clarke and Meyer 1982). However, the wool types can be changed dramatically through 
crossbreeding dissimilar wool genotypes, even though the reported heterosis estimates for wool 
quality traits are generally low (Charyulu and Acharya 1984; McGuirk et ai. 1978; Pitchford 
and Ch'ang 1990b; Purvis 1990; Reid and Booker 2001; Singh et ai. 1986). These changes in 
wool type can affect prices accordingly. Therefore it is important to understand both the 
directions of change caused by crossbreeding and the sizes of those possible crossbreeding 
effects. 
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Table 2.4 Hogget wool trait performance cited from NZ crossbreeding literature 
(Means: reported means in range; %R: percentage of the mean performance relative to the 
mean Romney performance (100); the first breed named is the sire breed; SFMer: Super Fine 
Merino; cells were left blank where no data were available) 
BreedID Bulk (cm3/g)* FDIAM(llm) FW12 (kg) Yield (%) Y-Z 
Means %R Means %R Means %R Means %R Means %R 
EFI 4.6 109 9.9 86 
Finnl 3.6 105 5.8 74 
Poll Dorset l 144 34.6 100 
Texel l 144 36.2 104 
Merino I ,2.3 5.1-28.6 119 19.5-22.2 60 3.30-4.10 123 1.3-75.2 95 .7-2.3 37 
HFWRom4,5.** 2.2-25.7 109 34.0-34.6 99 3.00-3.26 104 5.1-81.0 101 .8-6.1 136 
TexRom4•5.6 6.8-29.1 124 31.5-33.4 94 .66-3.18 97 3.9-76.4 97 .9-5.6 114 
TexCoop6,7 7.4-27.5 122 34.1-36.4 102 3.26 108 5.7-78.2 100 .5-3.0 69 
TexMerino2 31.2 138 6.4 76 1.5 93 .6 65 
Tex(TexRom)5,6 9.0-30.5 132 30.8-35.4 95 .06 68 3.4-80.2 100 .5-5.1 95 
(TexRom)Rom5 6.4 117 32.6 94 .85 94 2.6 94 .9 123 
TexRomF25 133 32.6 94 .71 90 0.6 92 128 
TexPD6 143 33.9 98 6.3 99 .1 53 
PDRom8 1.6-26.5 106 9.0-32.5 89 
(PDRom) (TexRom)5 32.5 144 94 .62 87 2.7 94 .4 110 
PDMerino2 32.5 144 5.7 74 88 .0 50 
FinnRom7 3.5 104 8.6 83 .55 84 5.1 97 .3 58 
MerinoRom3 24.6-26.2 112 6.5-28.0 79 3.90-4.30 136 4.0-76.2 97 3.4-4.0 93 
SFMerRom9 3.6 68 
(SFMerRom)Rom 10 4.9 110 30.4 88 .62 87 6.4 99 1.8 44 
EPRom11 4.0 106 34.3 99 .01 67 86.7 112 
Romney' -. 0.7-24.6 100 31.5-37.5 100 .31-3.60 100 1.0-81.5 100 1.7-6.0 100 
(average) (22.6) (34.7) (3.02) (77.1) (4.0) 
1: (Bray 1999) 2: (Scales et ai. 2000) 
3: (Dobbie et al. 1985) 4: (Wuliji et ai. 1995) 
5: (Wuliji et ai. 1997) 6: (Wuliji et ai. 1990) 
7: (Newman and Paterson 1991) 8: (Scobie et ai. 1997) 
9: (Andrews et ai. 1998) 10: (Everett-Hincks et ai. 1998) 
11: (Allison 1995) 12: (Kenyon et ai. 1999) 
13: (Morris et ai. 1996b) 14: (Morris et ai. 1996a) 
15: (Baker et ai. 1987) * : Measured as core bulk in source 5 
*. 
: HFWRom ewes used in source 4 and 5 
The wool characteristics with the greatest influence on processing for typical end 
products of NZ coarse wools (outer garments, interior textiles and carpets) are wool bulk, 
tensile strength and colour (Bray et al. 1997; Maddever and Cottle 1999). Finer fibre diameter 
and improved bulk in crossbred wools are the characteristics that have demanded increasing 
premiums in recent years (Wuliji et al. 1997). Hogget results on loose wool bulk (Bulk), fibre 
diameter (FDIAM), greasy fleece weight (FWI2), washing yield (Yield), and wool yellowness 
(Y -Z) reported in recent years are summarised in Table 2.4. The Oxford Down and Suffolk and 
15 
their progeny will not be discussed in this section due to their possible dark fibres and the very 
limited amount of information available on them. This deficiency in the literature was 
unfortunate because these breeds are still relatively popular terminal sire breeds and both have 
relatively high bulk, down-type wool. 
Bulk appears to be controlled by relatively few genes with a large effect (Sumner et al. 
1995). The heritability of Bulk estimated from the GrowBulk flock that originated partially 
from Texel and Poll Dorset (Section 2.3.1) was 0.46±0.05 (Clarke et al. 1999). The Texel, Poll 
Dorset and most of their crossbred progeny showed more than a 20% advantage in Bulk over 
the Romney average and had higher Bulk than the other genotypes (Table 2.4). When the 
TexRom sires were back-crossed to Romney ewes, wool Bulk in the resultant 1,4 Texel progeny 
«TexRom)Rom) decreased considerably compared to the Y2 Texel progeny (TexRom), but was 
still 17% higher than the Romney mean. 
One disadvantage of crossing Texel and Poll Dorset for bulkier wools is the possible 
reduction ofFW12 in the crossbred progeny (Table 2.4). To solve this problem, ewes from the 
Romney High Fleece Weight line (HFWRom) were chosen as the dams in the initial cross. This 
appeared to be effective, although fleece weights in the crossbred progeny were still lower than 
their purebred HFWRom counterparts (Sumner 1999; Wuliji et al. 1995; Wuliji et al. 1997). 
No significant difference in FDIAM, Yield and Y-Z was reported between the Texel x Romney 
crosses and the Romneys although the crossbreds and HFWRom may have tended to have had 
slightly higher Y-Z (more yellow wool) than the Romney mean (Table 2.4). 
The Merino and Super Fine Merino have also been drawn upon to increase wool bulk in 
crosses with the Romney relative to the Romney genotype. However, the main advantage in 
crossing the fine or super fine wool strains over the Romney is in producing finer crossbred 
wool for better prices. It is noticeable that all crossbred genotypes associated with either the 
Merino or SFMer had FDIAM values lower than 31 ~m, which is lower than the minimum 
FDIAM estimate found for the Romneys in the 12 NZ studies cited (Table 2.4). The hogget 
wool of Merino or SFMer sired crossbred progeny had lower Y -Z, higher FW12, but lower 
Yield than the Romney counterpart in most of these cases. 
The EF, Finn, and their Romney crossbred genotypes only had small differences in Bulk 
and Yield, but had lower FDIAM values compared to the Romney (Allison 1995; Bray 1999; 
Newman and Paterson 1991) (Table 2.4). The FinnRom had finer fibres than both the EPRom 
and the Romney (Table 2.4), but lower fleece weights than the Romney (Bigham and Meyer 
1979; Meyer et al. 1977; Newman and Paterson 1991). Crossing EFs with Corriedales caused 
increases in FDIAM relative ,to straight Corriedales and resulted in decreased prices of 6% to 
7%, whereas crossing EFs with Romneys caused decreases in FDIAM relative to purebred 
Romneys and resulted in 13-14% increase in prices (Reid and Booker 2001). More research is 
needed to better understand the performance of EF and Finn crosses on wool traits. 
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Similar conclusions for these genotypes can be drawn for most ewe wool traits even 
though the effect sizes of these traits have been shown to be different at the hogget and adult 
ages (Sumner and Upsde1l2001). However, the (SFMerRom)Rom ewes were found to have a 
much higher Y-Z estimate (4.3) than the counterpart hoggets (1.8 in Table 2.4) and the 
corresponding Romney ewes in the trial (3.0) (Everett-Hincles et al. 1998). This was attributed 
to the observation that the (SFMerRom)Rom ewes had a more 'closed' fleece structure than the 
Romneys (and possibly the (SFMerRom)Rom hoggets), which caused poorer fleece drying, 
more entangled wool and more yellow discolouration (Everett-Hincks et al. 1998). 
2.3.5 Disease resistance 
Genetic variation of sheep disease resistance exists for almost every breed or line that 
has been investigated (Raadsma et al. 1997). Consequently, crossbreeding can be employed to 
exploit this variation for practical purposes when certain disease-resistant breeds are used. A 
good example of improving disease resistance through crossbreeding is the cases of crossing the 
English long wool breeds (English Leicester, Lincoln, Border Leicester and Romney) with the 
Merinos to improve footrot resistance, which resulted in the formation of the Corriedale and the 
NZ Halfbred breeds (Meadows 1997). 
In recent years, more studies on improving disease resistance through crossbreeding 
have been conducted in NZ, especially after the new breeds were imported (Section 2.1). The 
main objectives of these studies have been to evaluate if the crossbred progeny, especially those 
sired by the new breeds, were more resistant to the common diseases such as internal parasites 
and facial eczema in NZ than the local breeds. 
Findings of significant improvement of resistance to internal parasites through 
crossbreeding are summarised below. The Texel sired crossbred progeny (TexRom) were 
reported to have had half to one third the level of faecal egg count (FEC) than the counterpart 
Romneys indicating an increased resistance to roundworms (McEwan et al. 1994). The Texel 
and Oxford Down sired Merino progeny were found to have significantly higher antibody levels 
than the pure Merinos (McEwan et al. 1995). The 14 Merino % Romney crossbred animals had 
a similar FEC and nematode counts as their Romney counterparts, which indicated that the low 
resistance to roundworms in purebred Merinos could be improved through crossing with the 
Romneys (Everett-Hincks et al. 1998). It was also reported that the Perendale and Perendale x 
Romney crossbred lambs had significantly lower FEC than the Romneys (Watson et al. 1992). 
The Finn and EF were reported to contribute to increased resistance to facial eczema 
over the Romneys. In a Finn x Romney trial, lambs from Finn, Romney and Finn x Romney 
ewes were dosed with an oral challenge of sporidesmin, the toxin causing facial eczema, to 
study their susceptibility (Morris et al. 1994). The results showed that both the Finn and Finn 
crossbred had higher percentages of animals unaffected than the Romneys, and the Finn had 
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higher percentages unaffected than Finn crossbreds. In a EF x Romney trial, the lambs sired by 
EF had similar levels of resistance to facial eczema to the lambs sired by Romney from a special 
flock that has been selected for resistance to facial eczema (Morris et al. 2001). 
However, it was not clear from these studies if heterotic effects were important in the 
resistance superiority in those crossbred animals mentioned above. No estimate of heterosis of 
disease resistance has been reported so far. Nevertheless, it is possible that heterosis may 
contribute to increasing disease resistance because crossbred animals will carry a wider range of 
genes, sampled from two breeds rather than one, and should consequently be equipped to 
perform better (Kinghorn 1997). Further studies in sheep are therefore needed to identify the 
roles of heterotic effects, and to determine how to use them efficiently. 
2.3.6 Heterosis 
The heterosis estimates (%) reported by NZ workers are tabulated in Table 2.5. Those 
after Meikle et al. (1988) were calculated as the percentages of the difference between the FJ 
crossbred mean and the corresponding mid-parent mean (data presented in Table 5 and Table 1 
in (Meikle et al. 1988)). The other estimates were quoted directly from the papers cited. For 
each trait listed in Table 2.5, the individual heterosis estimates differ between different breed 
combinations and different studies. With fibre diameter, for example, the heterosis estimates in 
progeny resulting from the Romney x SFMer, Romney x Merino and Romney x EF crosses 
were negative, whereas that in the EF x Corriedale crossbred progeny was positive. There was 
also a big difference in heterosis estimates for fibre medullation between the EF x Romney and 
EF x Corriedale crosses. 
The tabulated results agree with the crossbreeding theories that heterosis varies for 
different traits, different breeds and different environments (Falconer 1989; Kinghorn 1997) 
(Sections 2.13 and 2.14). For example, all the heterosis estimates for ewe body weight in Table 
2.5 were similar to the overall mean heterosis (5.2%) reported in a review (Nitter 1978) where 
18 heterosis estimates for this trait from different countries were used to calculate this overall 
mean. However, the estimates for litter size at birth in' Table 2.5 were three to five times higher 
in value than the overall mean (2.8%), which was reported in the review as an average of24 
different estimates. 
However, the variation in heterosis estimates brought difficulties in their use, eg to 
predict untested crossbred performance, in two ways: 1) heterosis cannot be utilized without 
reference to the simultaneous impact of the average genetic effects of different breeds; 2) it is 
hard to choose a suitable estimate (with reference to the simultaneous breeds) from different 
estimates produced from different environments and trials. An approach that combines these 
estimates and the merit estimates of the contemporary genotypes in meaningful ways in order to 
produce generalised estimates can be used to tackle these difficulties. 
18 
Table 2.5 Direct heterosis estimates (%) from NZ crossbreeding literature 
(values in each column were quoted from the same source generally; cells were left blank where 
no data were available) 
Parent breed one Roml Rom Rom2 Rom2 Merino2 Merino2 Bord2 Rom3 Corr3 
Parent breed two SFMer Merino Bord Cheviot Bord Cheviot Cheviot EF EF 
Weaning weight (kg) _2.02 0.0 0.0 3.0 -1.0 3.0 
Ewe body weight (kg) 13.8 11.7' 9.0 
5.02 
9.0 11.0 6.0 5.0 
Staple length (cm) -11.3 -7.6' 
Ewe fleece weight (kg) 5.1 12.8' 9.0 17.0 12.0 11.0 2.0 
0.02 
Washing yield (%) 3.3 
Fibre diameter (/-Lm) -8.4 -0.1' -3.8 4.8 
Medulation (%) -48.3 2.2 
Curvature (degree/mm) 1.4 -8.7 
Predicted bulk (cm2/g) -1.5 -4.6 
Total crimp number 3.0 3.7' 
Total follicle density -8.3 -13.6' 
Primary follicle density 0.2 1.1' 
Secondary to primary -19.1 -18.7' 
follicle ratio 
Conception rate (%) 0.0' 7.0 -1.0 7.0 0.0 10.0 
Litter size at birth 18.0' 16.0 14.0 15.0 18.0 11.0 
Lamb survival rate (%) 13.0' -1.0 7.0 3.0 5.0 3.0 
Weight of lambs weaned 31.0' 28.0 24.0 37.0 25.0 33.0 
.Qer ewe eX.Qosed (kg) 
1: After (Meikle et at. 1988) 2: (Clarke 1982a) 3: (Reid and Booker 2001) 
No estimate of maternal heterosis has been found in NZ literature so far. Maternal 
heterosis is regarded to be equally or more important than direct heterosis in lamb production 
(Nitter 1978) and is needed for a complete analysis and design of crossbreeding systems 
(Kinghorn 1997). 
2.3.7 Costs of crossbreeding 
Extra food and management are the main cost~ associated with the exploitation of 
heterosis advantages in crossbred progeny but these are also the fields where information is 
generally most lacking (Clarke 1982b; Clarke and Meyer 1982). A recent modelling exercise 
was undertaken to compare annual feed requirements and measures of production efficiency for 
self-contained flocks of the different crosses in a selected farm environment (Brookes et al. 
1998). The results showed that the increased feed demand for high producing crossbred ewes 
occurred mainly from late pregnancy until weaning but these ewes made more efficient use of 
feed. The need for defining the desirable attributes and quantifying the impact of performance 
changes on feed demand in particular environments was therefore recommended in considering 
a breeding programme. 
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A spreadsheet-based enterprise budgeting model was developed to assist farmers to 
evaluate alternative breeding scenarios based on production levels, feed and management costs, 
and concurrent prices (Parker et al. 1998). A Romney flock at current performance levels and 
those predicted in five years was compared to a Romney crossbreeding strategy to illustrate the 
model's application. The results indicated that the enterprise margin per hectare in the 
crossbreeding strategy was actually less than that in the purebred improvement scenario after 
being adjusted by stock unit factors and price variables, even though the crossbred ewes offered 
impressive per head performance figures. 
Apparently, this is similar to the situation in estimating heterotic effects, and much more 
work needs to be done in the future to evaluate heterosis associated costs in feed, management 
and other areas before any applicable conclusions on the efficiency of different crossbreeding 
systems can be drawn. 
2.4 Discussion and suggestions 
Most sheep crossbreeding experiments in NZ were designed to address practical 
problems in the particular research areas. Generally, such experiments have been unrelated and 
small in scale, and conducted as introductory studies or comparisons of small numbers of 
animals from few genotypes, and with limited interest or capacity of explicitly studying 
heterotic effects. The implications of these experimental results are therefore genotype and trait 
specific and case sensitive (Ch'ang and Atkins 1982). These results covered a wide range of 
breeds, traits and NZ environments but were generally sparse (Wei et al. 2001), which implies 
that a well-designed database is needed to organize them effectively. The database should have 
categories of breed, trait, environment as well as data source to allow easy management of 
performance records for both crossbred and purebred genotypes. 
In many cases, estimates of the performance merit of a genotype for a trait that were 
reported from different studies were very different and consequently hard for breeders to decide 
which estimate was the right one to use. Re-analysis of existing experimental results may help 
to produce more generalised information applicable to crossbreeding on regional and national 
levels. Special analytical techniques such as Meta-analysis (Hedges and Olkin 1985; Petiti 
1994) can be employed for this purpose. 
One potential aim of studying crossbreeding effects is to predict unknown crossbred 
performance using existing information and mathematical models (Wolf et al. 1995) in order to 
meet the need of designing the best crossbreeding systems. However, there is a general dearth 
of information on performance and heterotic effects of crossbred genotypes in the sheep 
industry that would satisfy even a simple dominance crossbreeding model (Kinghorn 1997). 
The information required to apply such a model at specific locations for all of the important 
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traits and commonly available breeds in NZ is not even close to complete (Wei et al. 2001). 
Further studies are needed to fill these information gaps in the future in order to bridge 
crossbreeding theories and farming practices, and to provide quality decision oriented 
suggestions to NZ sheep breeders to make better use of crossbreeding. 
Large-scale diallel crossbreeding trials, where all the purebreds and their reciprocal and 
back crosses are run and tested under the same conditions, are ideal to produce unbiased 
heterosis estimations (SOlkner and James 1990a). However, they are expensive and time 
consuming. Only limited numbers of such trials have been reported in sheep in NZ and 
Australia (Butler et al. 1993; Clarke 1982a; Kinghorn and Atkins 1987; Mortimer and Atkins 
1997). Considering that crossbreeding effects can vary widely with environments and 
management systems involved (Kinghorn 1987a; Price 1998), and genetic improvement with 
time through within breed selection can make older data less relevant, the usefulness of the 
results produced by such trials is also limited. Their results may be only relevant to similar 
environments and only for a limited period. Consequently it is unrealistic to expect many of 
such trials to be undertaken in the future. 
Therefore, attention should be focused on how to make full use of the existing 
crossbreeding information in terms of applying sheep crossbreeding theories and modem 
analytical and computing technologies to produce as much useful generalised information as 
possible for sheep farmers. Several stages of work are suggested to fulfil this task. First, the 
useful literature information identified in this review and any additional quality field data will 
need to be collated and stored in a well-structured database. The collated data can be 
generalised and used to estimate crossbreeding effects. Computer simulation can then be 
developed to simulate sensible data to fill the gaps and test the predictions. The generalised 
data, as well as the verified simulated data, can then be used in the DSS to predict untested 
crossbreeding programs with reasonable precision and accuracy. The DSS could be designed to 
remain receptive to additional quality information when it becomes available. 
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Part 2: Decision support systems in agriculture 
2.5 Introduction 
Computer based information systems have been applied to a wide range of uses 
throughout the world in recent years. This has been mainly due to the increasing need for the 
fast retrieval of relevant information and the rapid developments in information technologies 
and computing resources. The importance of information systems in agriculture in allowing 
greater sharing of expertise and resources across states, institutions and countries has grown at a 
faster rate than at any time in history due to the following factors (Eastwood 1997): 
1. The increasing complexity of agricultural technologies. Technologies used in the 
production, management, marketing and processing of agricultural products have 
become more complex. Broader expertise and more rapid availability of knowledge 
and information are now required to make appropriate decisions than in the past. 
2. An increasing need for cooperation in the industry. Researchers, farm consultants 
and farmers now need to work more closely together to cope with problems in 
farming industries. 
3. The increasing competition in global markets. Those who will thrive in these 
markets will be those who obtain the necessary knowledge and make best use of 
this information. Decision support tools can be used to integrate useful research 
results into progressive enterprises, adding to their profitability. 
4. An increasing desire to incorporate "local information" into regional and national 
levels. Local knowledge, once elicited and understood, can be searnlessly 
combined or made to be mutually complementary with formal scientific techniques 
for problem solving (Fujisaka 1997). 
5. The increasing level of ownership of computers and their use on farms. The 
increase in agricultural software and agricultural Internet service providers also 
signals the importance and availability of'information systems to the farming sector 
(Parker 1999). 
A decision support system (DSS) is an information system explicitly designed to 
support management decision making through combining data, appropriate models, 
programming tools, and user-friendly software into a single system (Laudon and Laudon 2001; 
Lucas 2000). Unlike an expert system, which is an extension of DSS used to supplant some 
aspect of an expert's role, a DSS is concerned with providing useful information to support the 
decision process rather than making decisions or solving problems directly for the user (Parker 
1999; Whitten and Bentley 1998). 
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Generally there are two DSS types: model driven and data driven (Laudon and Laudon 
2001; Lucas 2000). A model driven DSS is primarily a stand-alone system that uses some type 
of model to perform "what-if' and other kinds of analyses. Early DSS, those that were 
developed before the 1990s, were predominantly model driven. A data driven DSS, however, 
allows users to extract and analyse useful information that has been previously buried in large 
databases for the purposes of generating outcomes useful for problem solving and decision-
making. Data driven DSS incorporate a set of new technologies such as transaction processing, 
on-line analytical processing and datamining. 
Interest in DSS in agriculture is at an all-time high (Jacobson and Jones 1996; Van 
Alphen and Stoorvogel 2000; Whitten and Bentley 1998). The major role of DSS in agriculture 
has been as a research tool and as such has been very successful (Pratley 1991). However, few 
agricultural DSS that have been launched have been successful in terms of significantly 
affecting the industry or achieving regular usage (Parker 1999). Some recently released systems 
such as DAIRYPRO (Kerr et al. 1998) and HOTCROSS (MacNeil et al. 1998; Newman et al. 
2000a; Newman et al. 1997) in the animal sector were still under assessment at the time of this 
reVIew. 
A brief review of DSS in agriculture is therefore included to identify possible problems 
that the sheep crossbreeding DSS project may need to confront. Possible solutions to these 
problems are discussed. Current technologies used in DSS development are also reviewed. 
2.6 DSS strategy 
2.6.1 Components 
A typical DSS has three parts or components: database, software system and user 
interface. The DSS database (also called data warehouse) is a read-only system that contains 
detailed, summary and exception information that can be accessed by end users and managers 
with DSS tools (Whitten and Bentley 1998). It can range from a small database residing on a 
personal computer to a massive data warehouse on a central database server. It may be fixed or 
continually updated. The software system contains tools for datamining, data modelling and 
processing. A collection of mathematical and statistical models is commonly used in DSS, 
among which sensitivity analysis models deal with "what-if' scenarios with the abilities to 
allow user input to be incorporated into the prediction process. The DSS user interface is also 
very important to the success of the DSS that provides graphic, easy and flexible interaction 
between the system users and the software system (Laudon and Laudon 2001). The interface 
needs to be as user friendly as possible. 
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2.6.2 Benefits 
Generally, a DSS provides results of model-based or data-driven analyses that help 
users design and evaluate alternatives and monitor the progress of the solutions that are adopted 
(Laudon and Laudon 2001). It can automate certain decision procedures and handle a 
complexity of computing problems for users. The main types of support that a DSS can provide 
to decision makers are listed below (Whitten and Bentley 1998): 
.:. Identification of problems or decision-making opportunities 
.:. Identification of possible solutions or decisions 
.:. Access to the information needed to solve a problem or make a decision 
.:. Ranking possible decisions through "what if' analyses 
.:. Simulation of possible solutions and their possible outcomes 
2.6.3 Development methodology 
Like other kinds of information system, careful analysis and design are crucial for both 
the DSS as a whole and the database on which the DSS is based. To produce a good DSS one 
must firstly correctly identify the scope of the audience, the user requirements, the system 
processes, the input and output data, and the appropriate technologies for the task. The User-
Centred Design approach can then be taken to create a user-friendly design for the system to 
prevent it being developed for platforms that do not exist, with interfaces that people can not 
use, or with data requirements that people can not service (Parker 1999). 
The development of a practical and useful DSS takes careful planning and considerable 
effort, involving a number of different steps (Jacobson and Jones 1996; Lucas 2000): 
a) Analysis stage: 
1. Identify the user 
2. Identify the decisions to be addressed 
3. Select the initial information source(s) 
4. Study the feasibility of a DSS application 
5. Analyse the user requirements, prototype the DSS and modify the decision list 
b) Design stage: 
6. Design the ideal and feasible systems based on the cost and available resources 
7. Specify the processing logic and the input/output methods and formats 
8. Design the appropriate database 
9. Set up the programming requirements 
10. Design the user interface 
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c) Implementation and deployment stage: 
11. Programme the system 
12. Collate the data 
13. Process and, if appropriate simulate the data 
14. Test and revise the system 
d) Operation stage: 
15. Document the DSS and develop training procedures for the users 
16. Distribute and maintain the system 
17. Enhance and improve the DSS 
This cascade of stages and steps generally describes a life cycle of the development of a 
DSS and is widely recommended. However, many of the steps are iterative, involving cycles of 
analysis, design, implementation and testing for the completion of each stage (Post 2000). In 
most of the stages, especially the analysis and design stages, the roles of the user are becoming 
more important to the success of the system developed, resulting in the user-oriented approach 
becoming the norm in DSS development nowadays (Lucas 2000). 
2.7 Lessons from the past 
2.7.1 Reasons for past failures 
A survey conducted in 1996 found no evidence to suggest that any of the DSS launched 
in the UK over the last 10 years for farmers and advisers had been regularly used by more than a 
handful of users (Parker 1999). Reasons for these failures are identified and listed below: 
Limited use of user centred policy 
The user centred policy is now emphasized at every stage of the development of an 
information system simply because users' acceptance decides the fate of the system (Laudon 
and Laudon 2001; Lucas 2000). Unfortunately, the normal situation in previous agricultural 
DSS development was that someone's 'good' idea was' implemented and then there was a hunt 
around for end users who needed it, often only to find that they did not exist (Parker 1999). It 
was estimated that users' involvement in DSS-related activities such as design and 
implementation, users training to enable effective interaction of the DSS and user experience 
and prior exposure to the DSS can improve the system success by as much as 30% (Alavi and 
Joachimsthaler 1992). Orchard 2000, a successful DSS developed for NZ orchard managers, is 
a good example in incorporating the user's role into the DSS development (Parker 1999). 
Therefore, it is crucial to give enough consideration of the user's role in future DSS 
development. 
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Data requirements 
Data quality is crucial to a DSS in order to provide users with useful decision-oriented 
information. Since a DSS normally deals with cases on a regional rather than farm level but 
data are generally produced on the farm level, some degree of data generalisation is inevitable to 
convert localized data into regional data (Parker 1999). However, in the cases where the raw 
data quality varies with farm and time, the accuracy of such generalised data is less. This has 
led to a belief in some farmers' minds that models cannot be tailored to local conditions. The 
requirement placed on the users to gather and enter data in some previous agricultural DSS was 
another factor contributing to their failure (Parker 1999). 
Use of models 
The inclusion of inappropriate models in systems has also been responsible for the 
failure of early DSS (Cox 1996). Although most biological processes can be mathematically 
modelled, the modelling is by no means of an end in itself. Models should be constructed under 
clearly defined objectives and assumptions, verified to ensure that they run as intended, 
validated against as much independent data as possible and tailored appropriately to match the 
DSS specifications (Brown and Rothery 1993; Cox 1996; Parker 1999; White 1991). 
Sensitivity analysis and simulation are also important in order to determine the most important 
input variables and functions and to explore the system behaviour and boundaries (Cox 1996; 
Shaffer et al. 2000; Van Alphen and Stoorvogel2000; White 1991). 
Confidence in results/training 
It is very easy for users to lose confidence in a piece of software because at times it 
produces faulty answers due to the inappropriate use of models or the incomplete validation of 
the whole system (Parker 1999). However, as one of the most difficult problems in the DSS 
development, model validation can rarely eliminate all possible strange results due to the 
number of approximations and assumptions that usually need to be used in modelling practice. 
It was therefore suggested by Parker (1999) to incorporate enough communication with, and 
education of, the end users in the DSS development in order to make them aware of both the 
potential and the limitations of the system. 
Other 
Other reasons that have accounted for past failures (Parker 1999) are: 
• Lack of integration between systems: a DSS should take into account the 
myriad operations that take place on a farm and avoid requiring duplicate 
operation from the users such as re-entering data from one package to another. 
• Insufficient technical support after lease: this should be budgeted into the DSS 
development project costings at the very beginning of the project and be made 
available to the users to avoid unintended frustration. 
26 
• Inappropriate and difficult user interfaces: a successful DSS needs to be both 
useful (give right answers) and usable (easy for users to understand and 
operate). 
• Inefficiency and lack of updating: a good DSS needs to be efficient in the time 
commitment required for each run to provide the necessary information to 
decision makers; a regular updating is also very important in order to 
incorporate the changes needed to accommodate new problems and new data. 
2.7.2 New Zealand cases 
A number of farm software packages have been developed in NZ for either of two broad 
purposes: either to collect and process data to meet regulatory requirements such as GST and 
income tax returns; or to provide data and summary information to assist decision making 
(McCall and Foran 1994). Those that were developed for the second purpose were termed as 
'Decision Support Software' but there is no evidence to show their successful usage on farms. 
The main reason for farmer dissatisfaction with these packages was that the objectives of the 
software were poorly defined and user's requirements were not given enough consideration 
(McCall and Foran 1994). 
Sound modelling practice has also been applied in NZ on sheep grazing, feeding and 
farm budgeting, and stock management (Binnie et al. 1991; Brookes et al. 1998; Brookes et al. 
1993; Brookes et al. 1992; Cacho and Bywater 1994; McCall and Tither 1993; Webby et al. 
1995). For example, the REVGAIN package is very useful to assist breeders to derive relative 
economic values and selection criteria to suit their breeding programme (Binnie et al. 1991). 
These could be either incorporated in future DSS developments as modules/routines or modified 
with modern DSS technologies in order to achieve more usage in the animal sector in the future. 
No DSS for sheep crossbreeding has been explicitly developed in NZ. 
2.8 Suggestions for future agricultural DSS development 
Given the numerous reasons for past DSS failures, the recommended straightforward 
and effective solution to improving the success of new DSS developments is the widespread 
adoption of a more user-centred approach throughout every stage of the development (Parker 
1999). The suggested benefits of the approach are the more accurate formulation of problems, a 
better chance of producing satisfactory designs of systems and interfaces, more opportunities to 
eliminate possible faults and an easier acceptance of the limitations of the system. 
A DSS development is unlikely to be a short-term task. Any DSS can only model some 
of the biological processes of the real world situations and will be limited by the assumptions 
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used. A DSS database needs to be updated as time goes by and technical support and 
maintenance should be available until users' satisfaction has been reached. Good teamwork in 
combining biological and computing technologies is needed to undertake the necessary DSS 
development tasks (Baxevanis and Ouellette 2001; Lucas 2000). 
As the fundamental components of a DSS, the database performance and data quality 
are crucial to the success of any data driven DSS. Similar methodology to that identified for 
DSS development also applies to database design and implementation. Special issues that need 
to be considered for a good quality database are: 
• The level of data details needs to be well specified. The decision to store either 
summary information or massive raw data needs to be made in the design stage. 
Well defined data validation rules are required for the exclusion of outliers and 
to ensure consistency in the database lifetime (Garrick et al. 1992). 
• A high degree of integration and functionality is required. The database needs 
to not only serve the DSS, but also the users and linked external databases. The 
requirement for integration and functionality of the database is increasing, to 
match the increasing demand for sharing information via the internet. 
• An appropriate updating policy needs to be established. Once the DSS is in 
operation, users are likely to expect the latest research results to be made 
available as soon as practicable to the industry for better decision-making. A 
good updating policy including regular updating of the database and quick 
delivery of the updated versions will meet the users' need better and therefore 
increase the acceptance of the DSS. 
Cares should always be given when converting local data into generalised regional or 
national information due to the genotype-by-environment interactions, performance differences 
between the results from research and those from normal farm practices, and possible time 
effects of selection in historic data (Fujisaka 1997; Garrick et al. 1992; Lopez-Villalobos et al. 
2000a). The data analyses used prior to and in the database must be able to deal with 
differences in data from different sources, such as different research settings and different 
measurement or analysis methods, in order to produce sensible overall estimates for use in the 
DSS (Alavi and Ioachimsthaler 1992; Shapiro 1994). These will be covered in detail in 
Chapters 3 and 4. 
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Part 3: Meta-analysis - a useful tool to research integration 
2.9 Introduction 
The meta-analysis methodology has been specifically developed for combining findings 
from different replicated studies to produce generalised means (effect sizes). It was first defined 
as "the analysis of analyses" or "the statistical analysis of a large collection of analysis results 
from individual studies for the purpose of integrating the findings" by Gene V. Glass in 1976 
(Tucker 1996). 
Early examples of combining quantitative evidence are found in replicated astronomical 
and physical measurements. Agricultural experiments, which are typically conducted with 
replications and measurements of the same variables on the same or similar scales, led to the 
development of the statistical techniques for merging results now known as meta-analysis 
(Hedges and Olkin 1985). The fields where meta-analysis has been made well known and 
gained greatest acceptance are not agricultural research but medical, educational, and 
psychological research (Hedges and Olkin 1985; Mann 1990; Tucker 1996). Even in these 
fields, meta-analysis is still considered as a controversial statistical technique because of 
disputes over its acceptance across several disciplines. 
2.10 Strengths and limitations 
The main strengths of meta-analysis are listed below (Beckett and Lean 1997; Morgan 
and Lean 1993; Thacker 1988; Tucker 1996): 
• systematically review the published literature and produce quantitative rather 
than qualitative or subjective summaries 
• evaluate complex studies and resolve apparent conflict among them to decrease 
the investigator bias in the review 
• increase the statistical power for the detection of change and the precision of 
estimates of effect 
• investigate the heterogeneity among the results of similar studies and analyse 
variables in different settings and groups 
• explore the cost efficiency of treatments and develop new research questions 
Like any type of research, the validity of meta-analysis depends on the quality of the 
data and the care with which the analysis is performed. It is very important for a meta-analysis 
to differentiate studies of high quality from those with low quality in order to extract valid and 
29 
reliable conclusions. The following limitations apply to most meta-analysis studies (Hedges 
and Olkin 1985; Tucker 1996): 
1. publication bias - non-significant and negative or inconsequential results are 
less likely to be published 
2. large variation in quality of observational (compared to experimental) studies 
where no common measurement scales are available 
3. difficulty in developing hypotheses about explanatory models that account for 
the variation in effect sizes across studies. Some criteria for assigning weights 
based on subjective judgement of quality of studies may have to be determined 
before calculating overall effect sizes 
2.11 Methodology of meta-analysis 
A typical meta-analysis procedure is often time-consuming involving much judgment of 
data quality and several steps (Tucker 1996): 
• literature review to identify relevant studies (unpublished studies that meet the 
inclusion criteria may also be considered to avoid publication bias) 
• calculation of the overall effect sizes from the collated studies using appropriate 
meta-analysis methods 
• assessment of the homogeneity of the effect sizes to determine the appropriateness 
of combining set of studies (if heterogeneity detected, covariates may be included in 
analyses and subsets of data may be analysed to illustrate differing effects under 
differing conditions) 
• examination of the importance of publication bias qualitatively by plotting the 
effect size against the sample size 
There are two different approaches in meta-analysis for combining independent 
agricultural studies: one relies on testing for statistical significance of combined results across 
studies but is unable to estimate the magnitude of the effects being considered; the other relies 
on estimating treatment effects across studies numerically (Hedges and Olkin 1985). The 
weighted least squares method, analogous to the multiple regression procedure in conventional 
statistics, is an example of the second approach. This method has been used successfully in 
animal research to estimate overall effect sizes (Beckett and Lean 1997; Koots et al. 1994a; 
Koots et al. 1994b). 
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2.12 Some issues in animal research integration 
An important issue that needs careful consideration is the time effect in animal research. 
Genetic gain can change trait means in a breed with time, ego through within breed selection, 
when published data over a period of 20 years are combined. However, there is no easy way to 
measure this factor in terms of across flock evaluation because annual genetic gain is basically 
determined by the trait heritability, phenotypic variance and selection intensity in each 
individual flock (Falconer 1989). Sire referencing, which is generally needed for any across 
flock evaluation (Garrick 1991; Garrick et al. 1992), was seldom used in the published sheep 
crossbreeding trials. Even from the viewpoint of one flock, the genetic variance (product of 
trait heritability and phenotypic variance) and selection intensity are determined by the flock 
structure and breeding objectives that may change annually (Comstock 1996; Falconer 1989). 
The two-tier structure (nucleus tier and commercial tier) of NZ sheep industry can also 
make the annual genetic improvement in each tier different (Garrick et al. 2000). Only a 
fraction of the nucleus tier contributes directly to genetic progress in the national flock and there 
is a considerable delay in the commercial tier to reflect the genetic gains made in the nucleus 
tier through purchasing resultant offspring from the nucleus. This time lag for generations also 
introduces a major difficulty in across flock evaluation. 
Another difficulty in measuring the annual genetic gain effect is that the selection 
criteria commonly applied in pure breeding (eg, estimated breeding values) may not be 
appropriate for crossbreeding. This is because selection and crossbreeding have generally been 
studied separately although genetic information from them can be combined together into one 
synthetic selection index to make better genetic improvement (Lopez-Villalobos et al. 2000a; 
Lopez-Villalobos et al. 2000b). Efforts have been made to use this kind of synthetic selection 
index in NZ sheep industry (Geenty 2000; Newman et al. 2000b). 
There are also permanent environmental changes over years, such as fertiliser use in 
pasture, management technologies, seasonal variation in sheep growth pattern (Robards 1979). 
These changes should be evaluated appropriately once the relevant environmental information is 
available to any meta-analysis. 
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Part 4: Estimation of crossbreeding effects 
2.13 Genetic basis of crossbreeding effects 
The causal factors of heterosis at the physiological, biochemical, and molecular levels 
are today almost as obscure as they were at the time of the first conference on heterosis held in 
1952, although the heterotic effects have been quantified in a wide variety of crossbre~ding 
studies (Stuber 1999). The genetic theories of heterosis, as the fundamentals for biometric ally 
analysing crossbreeding effects, have changed little since 1952. These theories are still based 
on the Mendelian model, ie, a two-locus system with two alleles in each locus (Taylor et al. 
1997). The assumption that dominance between two alleles is always complete is also applied 
to crossbreeding analyses in the animal sector (Bourdon 1997). 
Generally, a total crossbreeding merit can be divided into two major components-
additive and non-additive gene effects (Swan and Kinghorn 1991). The additive gene effects, 
also called independent gene effects, reflect the value of each gene independent to the effects of 
the other gene at the same locus (dominance) and the effects of genes at other loci (epistasis) 
(Bourdon 1997). Therefore, the additive component of a trait merit can be measured by the 
averaging of the merit in the parental lines or breeds with simple weighting according to level of 
representation of each parental breed in the crossbred genotype (Swan and Kinghorn 1991). 
It is the non-additive gene effects that are observed as heterosis, including dominance 
and epistasis effects. A good model that describes the genetic theory of heterosis in animals 
was presented below by Wolf et al.(1995): 
The alleles rand s (locus 1) and t and u (locus 2) are regarded as four factors in the 
statistical model. Let a represents additive effect, d represents dominance effect. 
1. Additive effects: an as, at> au (additive) 
2. Two-factor interactions: 
a. Dominance effects within the loci: drs, dtu (dominance) 
b. Additive x Additive interactions between one allele from the first locus 
and one allele from the second locus: aarh aar", aaSh aasu (epistasis) 
3. Three-factor interactions, i.e. additive x dominance interactions. This includes 
two alleles from one locus and one allele from the second locus: adr!", adstu, adtrs. 
adurs (epistasis). 
4. The interaction between all four alleles comprises the dominance x dominance 
interaction: ddrstu (epistasis). 
Since a crossbred individual will carry a wider range of alleles, sampled from two 
breeds rather than just one, it is thought that this better equips the individual to perform well, 
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especially under a varying or stressful environment. On the other hand, alleles in the individual 
sampled from one breed would have to interact with those sampled from the other breed, which 
thus causes the individual to perform poorly. Therefore, dominance is normally expected to be 
a positive effect or a gain whereas the epistasis, if important, is assumed to be a negative effect 
or a loss (Kinghorn 1997). 
Heterosis can be further divided into individual (or direct), maternal, and paternal parts 
according to the genetic components of a trait. If crossbred offspring perform better than their 
purebred parents, the increased performance will be attributed to individual heterosis. If 
crossbred dams are involved, maternal heterosis can be inferred. If crossbred sires are involved, 
paternal heterosis can be calculated (Bourdon 1997). 
In recent years, biochemical, physiological, or molecular approaches have been taken in 
plants to provide insights into a better understanding of the genetic basis of heterosis (Stuber 
1999). Tl1ese approaches, unlike the traditional biometrical approaches that can only evaluate 
average genetic effects on heterosis, inspect heterosis manifestations on individual plants which 
are therefore closer to the gene level and may ultimately help to elucidate the genetic basis of 
heterosis (Stuber 1999). DNA methylation, especially methylation of cytosine, was found likely 
to be a regulator in controlling the amount of heterosis expression from studies using these 
approaches (Ahokas 1996; Stuber 1999; Tsaftaris et al. 1999; Xiong et al. 1999). 
A hypothetical mechanism of heterosis (that remains to be tested) assumes a 
relationship between gene expression and DNA methylation in which methylation might tum on 
genes previously inactive, thus leading to creation of recessive and dominant genes respectively 
(Stuber 1999). Some evidence has been found in maize, oats and rice to be consistent with the 
hypothesis (Ahokas 1996; Tsaftaris et al. 1999; Xiong et al. 1999). However, as pointed out by 
Stuber (1999), selection criteria based on molecular, biochemical measurements will not 
necessarily provide a more sensitive indicator of heterosis than traditional biometrical approach 
at this stage. Biometrical approaches will still be taken to exploit heterosis phenomenon before 
new technology at all levels become mature. 
2.14 Methods for estimating crossbreeding effects 
The genetic model of crossbreeding effects described above is on the individual animal 
level. These effects will have to be summed up over all loci and averaged over all individuals 
within a population in order to obtain the overall crossbreeding effects at the population level. 
The overall effects can then be subdivided into relative effects referring to the individual source 
populations and their combinations (Wolf et al. 1995). Based on these relative effects, 
performance from any untested crossbred derived from the source populations can easily be 
predicted. 
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However, difficulties occur when the estimation is based fully on the parameters 
described in Section 2.13. Even for a simple two-source-population crossbreeding programme, 
21 parameters need to be estimated simultaneously. This is unrealistic in the real world because 
the number of genotypes is considerably less than 21. Therefore, some sort of reparametrization 
is necessary to reduce the number of parameters and to make the mathematical model more 
manageable (Wolf et ai. 1995). 
The basic model of crossbreeding parameters, developed by Dickerson (Dickerson 
1969; 1973), made the advantageous effects of crossing animals understood and mathematically 
modelled more easily than before (Nitter 1978). The crossbreeding parameters defined in the 
model are as follows: 
• gr, gM, gP represent individual (or direct), maternal, paternal additive effects of 
purebreds respectively. 
• hr, hM, hP represent individual, maternal, paternal heterotic effects of crossbred 
progeny respectively. These parameters include dominance effects and a part of 
additive x additive epistatic effects (Wolf et ai. 1995) 
• rr, rM, l represent individual, maternal, paternal recombination loss effects 
respectively produced by crossbred parents. These include only one type of 
epistatic effects, i.e., additive x additive effects (Wolf et ai. 1995). 
Following the basic model, a number of methods have been developed to estimate 
crossbreeding effects in different circumstances. These methods can be approximately 
categorised into three groups. 
2.14.1 Linear functions 
Linear functions were developed to estimate heterosis in a simple way. They actually 
yield linear solutions to the basic model in special conditions with limited consideration of 
epistasis, and are called linear functions accordingly. Generally, these functions are used to 
analyse small scale crossbreeding experiments with no more than three source purebreds 
involved. 
Linear functions are normally applied on the least squares means from different crosses 
and their associated pure breeds. Consequently, a two step approach will be taken: (1) analyse 
the raw data to produce least squares means and standard errors for different genotypes; (2) put 
the estimated means into the linear functions to estimate heterotic effects. 
The commonly used linear functions are (Nitter 1978): 
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Let A, B, C denote three purebreds, and 'x' represent crossbreeding 
The letter before x represents sire breed; the letter(s) after x represents dam breed. 
Let FI represent the first cross, and F2 represent the second cross (FI x FI) 
1. Estimate individual heterosis when reciprocal crosses are available 
hI = (AxB)+(BxA) _ (AxA)+(BxB) (Equation 2.1) 
2 2 
or when only one first cross is available 
hI = (AxB)- (AxA)+(B xB) 
2 
(Equation 2.2) 
2. Estimate ma,temal heterosis when reciprocal crossbred ewes available 
h M = (C X AB ) + (C x BA ) _ (C x A) + (C x B) (Equation 2.3) 
2 2 
or when only one crossbred ewe available 
hM = (CxAB)- (CxA)+(CxB) 
2 
(Equation 2.4) 
There are also other linear functions developed by different authors in different 
circumstances (Alenda et al. 1980; Bittante et al. 1996; Gregory et al. 1978; Rastogi et al. 
1982). All these functions followed Dickerson's principles closely and were tailored from the 
basic model according to the special conditions confronted. 
Linear functions are not used in the thesis. 
2.14.2 Least squares, fixed model 
Methods in this group also work on the least squares group means. The difference is 
that the crossbreeding parameters are taken as fixed factors in the least squares model. 
Similarly, raw data are statistically analysed to produce least squares means for different 
crossbreeding groups. The means and associated standard errors or variances are then put into a 
multiple regression routine, available in most statistical packages, to solve the parameters in the 
model. Three methods can be chosen for the regression procedure according to the available 
information on variance: Ordinary, or Weighted, or Generalized least squares (Wolf 1996). 
Up to 13 different models (including the basic model) for either the two source 
popUlations or three or more source populations were analysed and discussed by Wolf et al. 
(1995). Most of them are extensions of the basic model with different reparametrizations of 
epistatic effects (Section 2.14). Nine out of the 13 are mostly interchangeable. It was pointed 
out that there was no objective, generally accepted rule for the introduction of the 
reparametrization condition. Therefore a certain degree of arbitrariness could not be avoided. 
Consequently a model with a lower number of parameters (Dickerson 1973; Kinghorn 1987a; 
Kinghorn and Atkins 1987) was preferred by researchers to deal with the situations where 
insufficient genetic groups are available. 
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Dickerson's basic model should be sufficient for solving sheep crossbreeding problems 
because a relatively small number of crossbreeding genotypes are required and the epistatic 
effect of additive by additive interaction is taken into account. However, the number of 
crossbred genotypes required to estimate the nine parameters for each source purebred 
simultaneously is still a limitation. Therefore, paternal effects and some of the maternal effects 
were normally dropped off from the model by many researchers (Boujenane and Bradford 1991; 
Boujenane et at. 1991a; Boujenane et at. 1991b; Boujenane and Lairini 1992; Fahmy 1996; 
Gootwine et at. 1993; Mortimer and Atkins 1997). 
A dominance model was then developed to tackle these difficulties, which was denoted 
as a 'wrong' genetic model because epistatic effects were excluded (Kinghorn and Vercoe 
1989). Results produced in the dominance model were compared with those produced in other 
models incorporating epistatic effects in order to test the significance of possible epistatic 
effects. It was found that the decisions on the choice of crossbred genotypes were generally 
robust for differences in the genetic models studied. The dominance model proved to have great 
advantages in sheep crossbreeding where information on crossbred genotypes is generally 
lacking, although the model is a compromise to the situation of data shortage and has risk of 
biasing the prediction based on it alone (Kinghorn 1997; Kinghorn and Atkins 1987). 
2.14.3 Mixed model 
Mixed-model methodology is preferable to least-squares using a simplified covariance 
structure of the data for estimating crossbreeding parameters (Komender and Hoeschele 1989). 
Henderson (1985) described a statistical framework to combine the non-additive genetic effects 
into mixed model equations for best linear unbiased prediction (BLUP). This methodology 
employs the correct covariance structure in a mixed model analysis and therefore reduces the 
true standard errors of the estimates of crossbreeding parameters, and may remove the biases 
caused by the confounding of certain animals and crossbreeding groups and by selection 
(Komender and Hoeschele 1989). The methodology was also discussed and verified in other 
studies (Mrode 1996; SOlkner 1991; Swan and Kinghorn 1991). 
However, to obtain the best predictions of the crossbreeding parameters, the mixed 
model requires much more data on both selection and crossbreeding than normal fixed models. 
This is not usually realistic in the sheep industry. Therefore, very few authors used this tool for 
estimating sheep crossbreeding parameters (Farid 1989; van Haandel and Visscher 1995). The 
mixed model cannot make a difference in the number of crossbreeding parameters that can be 
estimated because the limitation in the fixed models still applies. 
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Chapter 3 
Establishment of a sheep crossbreeding database 
3.1 Introduction 
The importance of a well-developed database to the proposed DSS has been emphasised 
in both Parts 1 and 2 of Chapter 2. The sheep crossbreeding database was designed to function 
not only as a convenient container to store and organise the existing data in as much detail as 
possible, but also to interact with the DSS using decision oriented information tools precisely 
and accurately to optimise the usefulness of the data. The local and detailed information 
extracted from the database will be used in DSS models for 'higher level processing' (Garrick et 
al. 1992) in order to produce generalised results applicable to crossbreeding trials on regional or 
national levels. These 'higher level' processes include the meta-analyses covered in Chapter 4, 
estimation of crossbreeding effects covered in Chapter 5, and simulation of crossbreeding 
programmes covered in Chapter 6. The database will store the summary results from the 
statistical analyses of raw data sets from crossbreeding trials. 
This chapter therefore focuses on the analysis, design and implementation of the sheep 
crossbreeding database following the strategy discussed in Part 2, Chapter 2. User centred 
techniques discussed in that part will consequently be employed here. Some modern computing 
tools used in system analysis, such as the graphical language called Unified Modelling 
Language and use case (also called scenario) analysis, will also be used in this chapter. The 
objectives are as follows: 
1. To analyse the database requirements and define the required scenarios. 
2. To incorporate the refined use scenarios into a relational design of the database. 
3. To illustrate the database implementat~on in Microsoft Access. 
3.2 Analysis of the database system 
3.2.1 Overview of the requirements of a sheep crossbreeding database 
The proposed database is aimed to collate analysed local data from different sheep 
crossbreeding trials and to organise and process the collated data to provide decision-oriented 
information to both the database users and the other DSS tools. The name conventions of sheep 
breeds and traits used in the NZ Sheep Improvement Limited (SIL) database (Geenty 2000) are 
adopted as much as possible for reasons of compatibility. 
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The database was consequently designed to manage the following types of information: 
• Sheep breed classification 
• Trait definition 
• Data source and trial details 
• Farm class classification 
• Processed breed-trait means and standard errors 
• Heterosis estimates 
The database was designed to provide the overall breed-trait means and other useful 
information such as heterosis estimates for the database users. It can also be set up to export 
structured information to the DSS for further processing in response to the user requests. 
Friendly interfaces and functions were also provided in the database to support user-defined 
queries and reports. 
3.2.2 Definitions of terms used in the database 
Unified Modelling Language is a graphical computer language which uses' a set of 
diagramming techniques to express different aspects of a problem (Quatrani 1998). It is one of 
the most useful tools for modelling problems in diagrams and graphs. It has a range of 
diagrams to describe any problem. The Use Case and Class diagrams only were used here. 
A Use Case is a description of the interactions between the user and the system. A use 
case describes a goal that the user wants to achieve through the system. A use case diagram 
displays the defined use cases within an information system. 
A Class is a group of objects that have the same set of descriptive attributes 
(properties), the same behaviour and the same relationships with other objects. A class diagram 
displays the relationships between classes defined in the information system. 
A breed is a type of sheep that has a unique genetic origin. A breed can be classed as a 
pure breed if it is the same as the breed of its sire and of its dam, or a crossbred if the parent 
breeds differ. Each breed in the database system has a unique identity denoted as BreedID. For 
a breed to be present in the database the breed must have a unique combination of the two 
parent breeds and must have at least one performance record stored. 
I 
A trait describes a production characteristic of sheep. The system maintains the name, 
description, and measurement unit of each trait. Important traits associated with no 
performance data were still defined in the system and could be used for further analyses, such as 
the calculation of economic returns. The system did not require data to exist for every trait. 
A source refers to the ownership or authorship of the data, journal of publication, trial 
location and other relevant information. Each defined source must associate with at least one 
trait mean value or at least one heterosis record in the database system. 
38 
Farm classes are identifiers used to classify NZ farms into different categories 
according to their location, topography, management level and financial revenue. The 
classification rules from the NZ Meat and Wool Economic Service were adopted in this project 
(NZMWES 2001) (Brian Speirs, pers comm). It was important to assign the appropriate farm 
class number to each set of breed-trait mean and standard error entered. Further analyses in the 
DSS (Section 3.1) were conducted within farm classes (Chapters 4,5 and 6). 
A trait mean is a least squares mean of a statistical analysis of raw data after removing 
random effects. Each trait mean was generally associated with an estimate of standard error of 
that mean (SE) as the description of sampling variance of the mean. Each trait mean was 
associated with a combination of breed, source, and farm class. 
Data generalisation method. The weighted least squares approach, covered in detail 
in Chapter 4, was used to combine different breed-trait means generated from different trials 
into generalised overall means. The database can report the required overall means that were 
produced from statistical analyses outside using the collated data in the database. This 
information was available to users on request. However, the data generalisation function could 
be built into the database as a module in the future to automate this process. 
Heterosis is measured as the extra performance of the crossbred average over the mid-
parent performance. Crossbred animals are normally expected to show heterosis over the 
parents, which is often termed as direct or maternal heterosis in genetic analyses (Chapter 2). 
The database can report heterosis estimates to the user if required. These estimates were 
produced from analyses outside of the database through a crossbreeding model. 
The crossbreeding model estimated crossbreeding effects for traits using the 
generalised data from up to four pure breeds and their available crossbred genotypes, and 
predicted performance for predefined crossbred genotypes that had no data available. Please 
refer to Chapter 5 for details. 
3.2.3 Special properties of the database 
Some special properties of this database were identified as follows: 
1. All data had to be appropriately analysed and processed before entry into the 
database. The database system was not developed to handle statistical or data 
conversion problems. 
2. The database was a read-only system. Users were not allowed to delete or 
update data in the system without authorisation. 
3. A general class ID on a National level was assigned to any data set for which its 
farm class could not be found or could not be appropriately assigned. A special 
class ID was given to each of Australian data and all other overseas non-New 
Zealand data. 
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3.2.4 Use Cases 
3.2.4.1 System actors 
The database administrator and end users were the operators of the system (Figure 3.1). 
The database administrator was authorised to access the database for data entry and 
maintenance. An end user is any person authorised to retrieve information from the system. 
The users of the database and the DSS were targeted to be researchers, educators and students in 
sheep breeding and genetics, farm consultants, and informed farmers. 
3.2.4.2 Use cases of the database (Figure 3.1): 
1. Sheep breed definition and maintenance: 
Each sheep breed was given a unique identity number called the BreedID. The name of 
the breed and its short name was defined into the system as BreedName and ShortBName. The 
BreedID of the breed's sire and dam were also defined into the system as SireBreedID and 
DamBreedID. The SireBreedID and DamBreedID mayor may not be the same as BreedID, 
which mayor may not represent pure breeds. 
2. Trait definition and maintenance: 
Each trait was given a unique name and a brief description in the database. The unit of 
measurement of each trait was also entered into the system. These were called the TraitName, 
Description and Unit, respectively. 
3. Source definition and maintenance: 
Each data source was given a unique identity number called the SourceID. This was 
followed by the data authorship/ownership, trial location, commencement date of the trial, 
duration of the trial, title of published paper, name of the source, volume of the source, page 
number of the paper, and any adjustment details to the data. The properties of a source were 
denoted as Authorship, Location, YearOfTrial, Duration, Title, SourceName, Volume, Page, 
and Adjustment respectively. This information made all data in the database traceable to its 
original source. 
4. Farm class definition and maintenance: 
Each farm class was given a unique identity number called the ClassID. The name and 
detailed descriptions of the farm classes were defined into the system as ClassName and 
Description respectively. 
5. Entering trait means into the system: 
Each set of data related to a trait mean was allocated a unique identity number, referred 
to as the RecordID. Each data set comprised the least squares mean value, the amount of 
associated standard error and number of observations, which were denoted as LSMean, SE and 
Observation respectively. The data set and the corresponding TraitName, BreedID, ClassID and 
SourceID were entered into the system. For example, Robert 1998 (SouceID) reported a trial 
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conducted in South Canterbury plain (ClassID) that the birth weight (TraitName) for a Romney 
(BreedID) flock was 4.5 kg with 0.7 standard error calculated from 300 ewes. 
~~C) 
~~ Oefine:C50"" 
DatabaS~ -------- ---> ~ Deline and manlaln 
Mministr:br ~ farm class 
~ Enter trait mean data 
Enter heterosis estimates C) 
~~mma'YdalabY Q _____________ - Trait within Clas~ 
)"" ----- Generalise data by 
End users :?l>C) Trait within Class 
Report heterosis 
Figure 3.1 Use Case Diagram of the Database System 
6. Entering heterosis estimates into the system: 
Each set of heterosis estimates was comprised of direct and maternal components, 
called DHeterosis and Mheterosis respectively. Each DHeterosis and Mheterosis estimate was 
associated with two pure breeds, which were called Breedl and Breed2. A unique numeric 
identity for each heterosis record called the HeterosisID, and the associated TraitName, ClassID 
and SourceID were entered for each heterosis estimate. In order to retain the highest possible 
number of heterosis estimates in the database, the system was designed to also accept heterosis 
estimates with associated pure breeds that were not on the breed list. 
7. Data summary within Class: 
This use case starts when a user queries the database about the data availability within a 
particular farm class. It was defined to meet the request of statistical summary information of 
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the data within a farm class. The request is interpreted into a database query by the database 
itself. The database then retrieves the data of interest, creates the summary information and 
displays the results to the user. Similarly, users can query the database on any source, breed, 
trait, or combination of these. 
8. Data generalisation by trait and breed within farm class: 
This use case was defined to meet the request of generalised breed-trait means for a 
particular farm class. The scenario starts when a user instructs the database to do data 
generalisation on the class. Please refer to Section 3.2.5 below for details. 
9. Reporting heterosis estimates: 
This scenario was defined to report general heterosis estimates in response to users' 
requests. Details are given in Section 3.2.5. 
3.2.5 Use cases in detail 
The two complex use cases, namely Cases 8 and 9, are explained in detail as follows: 
Use Case 8: Data generalisation by trait and breed within farm class 
Main flow 
The following steps are involved in producing generalised values by trait and breed 
within a farm class: 
1. A user selects a farm class. 
2. The user selects either a 'report' or a 'report and export' option, and instructs 
the database to do data generalisation. 
If 'report' option is selected, go to step 5, otherwise continue 
3. Database retrieves all trait-breed means and associated information within the 
nominated farm class and exports them to the DSS model for data 
generalisation. 
4. The DSS model calculates the generalised means and standard errors for each 
unique pair of trait 'and breed, stores toe results (Chapter 4) in files and informs 
the database. 
5. Database retrieves the overall means from the file where generalised results 
were stored, formats them in a user friendly format and displays the report to 
the user. 
Outcome 
The outcome of this use case is a list of generalised data in sorted order within the 
selected farm class. Each set of data consists of the TraitName, ShortBName, generalised mean, 
standard error of the mean, and number of records that the generalisation is based on. 
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Exception cases 
1. If no generalised information is available for the selected farm class, a message 
to that effect is given to the user. 
2. If the user does not select a farm class, a message is given to warn the user that 
all NZ data (Classes 1 to 9) will be used for generalisation and to ask the user to 
choose to proceed. The use case will end if the user chooses not to do so. 
Use Case 9: Reporting heterosis estimates 
Main flow 
The following steps are required to generate reports of heterosis estimates in response to 
a user's interest in particular combinations of pure breeds within a farm class. The heterosis 
estimates are produced from the analyses described in Chapters 5 and 6, and stored 
appropriately in separate files. Links to these files are stored in the database and used to retrieve 
the relevant heterosis estimates for reporting. These steps are: 
1. A user selects a ClassID and the names of the pure breeds of interest. 
2. The database finds the BreedID of the pure breeds and the link to the file where 
the desired heterosis estimates were stored. 
3. The database finds the file where the relevant generalised data were stored (Use 
Case 8) 
4. The database opens the files and retrieves heterosis estimates and the 
generalised overall means respectively. 
5. The database forms a report with predefined formats using the BreedID 
information and the retrieved heterosis estimates and overall means. 
6. The database displays the report to the user. 
Outcome 
The outcome of this use case is a list of heterosis estimates and associated generalised 
means of the required pure breeds and their first-cross genotypes for each trait in the class. 
Exception case 
1. If no ClassID were specified, the general estimates produced on the NZ national 
level would be used (see Exception case 2 of Use case 8). 
2. If no pure breed were specified, the heterosis estimates for all combinations of 
available pure breeds in the database within the farm class would be reported. 
3. If there were no relevant estimate available for the required pure breeds, the 
user would be asked if the available heterosis estimates for other genotypes are 
desired. If so, available estimates are reported. Otherwise, the use case ends. 
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3.3 The database system design 
Following the analysis of the database requirements and use cases, a database design 
was developed to define the classes (tables) needed and the associated attributes (fields), and the 
relationships between the classes. The details of a relational design for implementation purpose 
are also presented in this section. Some database terms used in the chapter are explained below 
in plain English. These explanations are not necessarily formal definitions. 
• Relationship. Classes are connected by relationships in a database so that data 
can be easily searched and manipulated. Many different types of relationships 
can exist in a database. However, in the current database, mainly One-Many 
and Self-relationships were encountered. These are shown in Figure 3.2 below. 
• ill a One-Many relationship, an instance of the first class can associate with 
nil to ma1,1y instances in the second class, and an instance of the second class 
must associate with exactly one instance in the first class. The first class is 
called the master class, and the second is called the detail class. For example, a 
dam can have none to many lambs and a lamb must have exactly one dam. 
• Primary key. A key is an attribute or attributes whose value is different for 
every instance of a class. ill a relational design each table (class) needs to have 
attribute(s) nominated as a primary key. 
• Foreign key. Attributes in a table are the primary key in another (foreign) 
table. With foreign keyes) the record in the detail table can be referenced to 
records in the master table. These references then form the integrity of a 
database. 
• Self-relationship. A table has a self-relationship if its primary key is also its 
foreign key. For example, the sire breed of Romney is Romney itself, so the 
relationship between the two attributes, ie the name of the breed (the primary 
key) and the name of the sire breed (the foreign key), is a self-relationship. 
3.3.1 Class diagram 
The class diagram is shown in Figure 3.2. Six classes were found necessary for the 
Sheep Crossbreeding database. The Means and the Heterosis classes, in the middle of the 
diagram, associate with the other four classes, but not with each other. The relationships 
between the Means class and each of the Trait, Farm Class, Breed, and Source classes are 
nominally the same, One-Many, where only the Means class stays at the Many end of the 
relationships. Following the definitions in 3.2.2, the minimum number of records in the Means 
table that a breed can associate with is 1, whereas that for either the Trait, Farm Class, or Source 
classes is O. Similar relationships existed between the Heterosis class and the four master 
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Figure 3.2 Class Diagram of the Sheep Crossbreeding Database 
Trait Farm Class 
raitName ClasslD 
Description Means 
Unit RecordlD Description 
-------
LSMean 
SE O .. n O .. n ObseMtion 
~ djust Covariate Notes 
"'" 
"'" 
1 .. n O .. n 
O .. n Heterosis O .. n 
HeterosislD 
Breed1 
Breed2 
DHeterosis O .. n 
MHeterosis Source 
O .. n SourcelD 
O .. n Author 
Breed rial Location 
BreedlD 0 .. 1 YearofTrial Duration SireBreedlD djustDetail DamBreedlD 0 .. 1 Itle 
Notations of Figure 3.2: 
In the example below, classes Trait, Farm Class, Breed and Source are referred to as 
Classl, classes Means and Heterosis are referred to as CIass2. 
(Class1) I Class heading I I ~tribute-""" I A full class I ...-------------, 
I ~ttribute ~"7f-D------------l1 Attributes of the class I 
~---------~ 
~Y---------~ 
ClasS2' 
Association line 
between two classes 
Notations of multiplicity of relationships/associations I ~ttribute 1 
I ~ttribute 2 0 •. *: each instance in Classl may associate with none to many instances in Class2 
1.. *: each instance in Class 1 may associate with at least one instance in Class2 
1: each instance in Class2 must associate with exactly one instance in Classl 
0 •. 1: each instance in Class2 may associate with none or one instance in Classl 
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classes respectively. The only difference is that each heterosis record may associate with none 
to two purebreds in the Breed class. 
A Self-relationship was shown in the Breed class in Figure 3.2. A breed may be the sire 
and/or the dam breed of none to many other breeds. However, the sire and dam breeds had to 
be present in the database for the breed to be defined into the system. This relationship is 
critical to the database because it can be used to query different crossbred genotypes. 
3.3.2 Explanation of attributes 
Most of the attributes have been described in Section 3.2.4.2. Only the additional ones 
are explained below: 
Adjust (Means class) 
This was a check field in the Means table (Section 3.3.3.2). It was set up to deal with 
situations when original data had to be adjusted or converted in order to correctly describe a trait 
defined in the database. For example, if the wool yield was reported as oven dry yield then it 
had to be converted to the conditioned yield before being entered into the database. The Adjust 
field of the record was marked to identify when data had been adjusted. Otherwise, the Adjust 
field was left blank. 
Covariate (Means class) 
This was a numeric field used for adjusting data by linear transformation. It held 
information for the parameter of the trait measurement on which such adjustment was based, 
when the collated LSMean described a trait of slightly different definition to the predefined 
standard. For example, when a weaning weight was produced for a period of 80 days, the 80 
was entered into the Covariate field as it differed from the standard definition for the weaning 
weight of 90 days. 
AdjustDetail (Source class) 
This was a text field. Adjustments made to the original source data would be recorded 
in this field in the Source table (Section 3.3.3.5). These were stored for reference or further 
modification. 
3.3.3 Relational design 
The class diagram in Figure 3.2 was converted into a relational design for 
implementation in Microsoft Access. The implementation details of the six core tables in 
Figure 3.2 are presented below. The interfaces, including forms and reports, were largely 
dependent on the implemented database engine and will be covered in Section 3.4. Underlines 
and brackets in the table details below are used to show primary keyes) and foreign keyes) 
respectively. 
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3.3.3.1 Table of farm classes 
Name: Farm Class 
Attributes: 
Notes: 
ClassID: numeric field 
ClassName: text field 
Description: text field 
ClassID was a numeric code that followed the ex}sting naming convention that 
was taken by the Meat and Wool Economic Service of New Zealand. The 
convention was adopted because potential users should be familiar with it. 
3.3.3.2 Table of breed-trait means 
Name: Means 
Attributes: 
Notes: 
RecordID: numeric field. 
(TraitName): text field. Refers to the TraitName field in the Trait table. 
BreedID): numeric field. Refers to the BreedID field in the Breed table. 
(ClassID): numeric field. Refers to the ClassID field in the Farm Class table 
(SourceID): numeric field. Refers to the SourceID field in the Source table 
LSMean: numeric field 
SE: numeric field 
Observation: numeric field 
Adjust: boolean field 
Covariate: numeric field 
Notes: text field. To record the adjustment details 
RecordID was a computer auto-generated number to give a unique identity to 
each new record. This was necessary because the combination of BreedID, 
TraitName, SourceID and ClassID did not make a record unique. A good 
example is that different groups of sheep within the same breed could be studied 
in one trial but analysed and presented by the corresponding groups. Data of 
the groups from such a source were legal to the database but could not be 
uniquely identified without a record number. 
3.3.3.3 Table of breeds 
Name: Breed 
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Attributes: 
Notes: 
BreedlD: numeric field 
BreedName: text field 
ShortBName: text field 
(DamBreedID): numeric field. Refers to BreedID in this table. 
(SireBreedID): numeric field. Refers to BreedID in this table. 
BreedID was set as integer values for the purpose of data manipulation in the 
system. Each BreedID, BreedName, and ShortBName was made unique to 
prevent confounding of breeds. Incompatible entries were rejected by the 
database after the user was informed. 
3.3.3.4 Table of traits 
Name: Trait 
Attributes: 
Notes: 
TraitName: text field 
Description: text field 
Units: text field 
The definitions of traits were aligned as much as possible with those used in the 
database owned by the NZ Sheep Improvement Limited (SIL) for the purpose 
of future compatibility with the SIL database. 
3.3.3.5 Table of data sources 
Name: Source 
Attributes: 
SourcelD: numeric field 
Authors: text field 
TrialLocation: text field 
YearofIrial: numeric field 
Duration: numeric field 
AdjustDetail: text field 
Title: text field 
SourceName: text field 
Volume: numeric field 
Page: text field 
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3.3.3.6 Table of heterosis estimates 
Name: Heterosis 
Attributes: 
Notes: 
HeterosislD: numeric field. 
(Trait): text field. Refers to TraitName in Trait table. 
(Class): numeric field. Refers to ClassID in Farm Class table. 
(Source): numeric field. Refers to SourceID in Source table. 
(Breedl): text field. Refers to ShortBName in Breed table. 
(Breed2): text field. Refers to ShortBName in Breed table. 
DHeterosis: numeric field. Stores direct heterosis value. 
MHeterosis: numeric field. Stores maternal heterosis value. 
Breedl and Breed2 were not be set as numeric fields because some breeds for 
which heterosis estimates had been collected were not collated in the database. 
3.4 Implementation of the database 
The system could have been implemented in either a relational database, or an object-
oriented database. It was implemented as a relational database in Microsoft Access for the 
following reasons: 
• Relational databases are more common and require less expertise to understand 
and use than do object oriented databases. 
• Microsoft Access is one of the most common relational database tools. It 
handles small to medium size databases very efficiently and has powerful links 
with the other applications in Microsoft Office and with the Internet. 
• Most of the target users should not need to buy new software to install the 
database. It should be easier for them to get technical support and would 
require less time to become familiar with the database compared with other 
tools such as Oracle. 
• It was cost effective to develop and maintain the database 
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3.4.1 Forms 
Forms are interfaces for users to communicate with the system. Good form design and 
layout helps users work with the data easily, accurately and safely. User friendliness is another 
important feature that forms should have. Forms used for editing the four master tables are 
displayed in one screen in Figure 3.3. The form for maintaining the Means table is shown in 
Figure 3.4. These forms are described in detail below. 
3.4.1.1 Form 1: Edit breed information (Figure 3.3) 
This was a simple form implemented for the database administrator to enter breed 
information. Users would use this form to view breeds entered in the system. The BreedID 
would be generated automatically for a new breed. The administrator would enter BreedName 
and ShortBName, and find and enter an appropriate identity number from a BreedID lookup list 
for the SireBreedID and DamBreedID respectively. 
ShortBName was set as a unique field to prevent any duplicate breed names. The 
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SireBreedID and DamBreedIDcould only be entered through selecting an item from the 
BreedID lookup list. 
3.4.1.2 Form 2: Farm class (Figure 3.3) 
This form was implemented for the database administrator to enter Farm Class 
information (Section 3.2.3). Users would use this form to view definitions of the available farm 
classes. 
3.4.1.3 Form 3: View and Edit Trait List (Figure 3.3) 
This simple form was used by the administrator to define and maintain traits in the 
database. Users could use the form to view definitions of the traits. 
3.4.1.4 Form 4: View and edit data source (Figure 3.3) 
This form was implemented for the administrator to maintain source information in the 
Source table and for users to view them. SourceID was generated automatically when each new 
source of data was entered into the system. The Author field was implemented as a required 
and indexed field without allowing duplicates so that data in the field could be sorted 
alphabetically and could not be left blank for a record to be accepted by the database. Up to 26 
alphabetic suffixes were available for addition to author names to avoid duplication of entries of 
records from authors of the same name. 
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Figure 3.3 A view of the Breed, Trait, Farm Class, and Source forms 
3.4.1.5 Form 5: View and edit Means data grouped by Trait (Figure 3.4) 
This form was implemented as a multiform where the Trait form was the master and the 
Means subform was the detail. When a trait was selected, all data in the Means table associated 
with the trait would show up in the Means subform automatically. Facilities were supplied to 
navigate through the traits and associated data, and to bring up the four forms mentioned above 
for viewing or maintaining. 
Lookup features were built into the fields of the BreedID, Class ID, and SourceID in the 
Means subform to help users find the associated breed, farm class, and source for both the 
existing least squares means and the means to be entered. Data in these three fields could only 
be picked up from the associated lookup lists to meet the requirement that the associated breed, 
farm class and source must be present before the data set was entered into the database. 
However, the adrrunistrator could always bring up the relevant formes) to enter information for 
either breed or source if these did not exist in the database. 
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Figure 3.4 Form view of editing data in the Means table by trait 
3.4.2 Reports 
Snapshots of some important reports are displayed below to demonstrate the functions 
of the database. Some of these reports can be found in the demonstration version of the 
database that is stored in a CD attached to this thesis. 
3.4.2.1 Report 1: Availability of data in the database (Figure 3.5) 
This report was designed to count how many records were available for each trait in 
each farm class. The user was required to specify the ClassID to query the system. 
Grouping 
The report was grouped by TraitName. The counting was done on the LSMean 
field for each trait. 
Ordering 
The report was ordered by ClassID and, within each class, by TraitName. 
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Figure 3.5 View of a report of data availability in each farm class 
Reports similar to that shown in Figure 3.5 for farm classes could be produced for 
different breeds, different sources, or specified trial location if required. 
3.4.2.2 Report 2: Generalised means and standard errors in each class 
This report, shown in Table 3.1, was designed to produce a table of generalised means 
and standard errors for each unique trait-breed combination within a farm class. The user was 
required to provide the ClassID to initiate the report. 
Grouping 
The report was grouped by TraitName and BreedName. All available data of 
LSMean and SE in the database within the selected farm class were included. 
Ordering 
The report was ordered by TraitName then BreedName for display. 
Note 
This report has not been implemented. 
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Table 3.1 An example of report of generalised means and standard errors 
(0 Mean: generalised mean; 0 SE: generalised standard error)* 
TraitName BreedName Number of Means G_Mean G_SE 
Brightness (EFCorr)Corr 1 66.4 2.4 
(Y) Corriedale 5 69.5 0.9 
EF 2 67.5 1.6 
EFCorr 3 66.9 2.1 
Tex 3 67.6 1.8 
TexCorr 2 69.6 2.7 
Bulk (EFCorr)Corr 1 25.7 0.6 
(cm3/g) Corriedale 5 23.2 1.5 
EF 2 27.5 0.9 
EFCorr 3 25.5 0.6 
Tex 3 29.6 1.0 
Tex(TexCorr) 1 27.3 0.8 
TexCorr 2 25.5 1.9 
COLM (EFCorr)Corr 1 3.4 0.5 
(Y-Z) Corriedale 5 4.2 0.2 
EF 2 3.3 0.6 
EFCorr 3 3.7 0.8 
Tex 2 3.4 1.1 
Tex(Tex(TexCorr)) 1 3.0 0.9 
Tex(TexCorr) 2 2.4 1.2 
TexCorr 2 3.1 0.2 
*: refer to Section 4.2.6 for details of G_Mean and G_SE calculations 
3.4.2.3 Report 3: Direct heterosis (%) for each trait (Table 3.2) 
This report was designed to display a table of direct heterosis estimates (%) for all 
available traits within a particular farm class. The aim of the report was to give the user an 
outline of the direct heterosis percentages associated with different combinations of pure breeds. 
The user was required to input ClassID for processing this report. 
Grouping 
The report was grouped by TraitName and BreedName for calculations. Cells 
in the report table were left blank indicating no corresponding estimates were 
available. 
Ordering 
The report was ordered by TraitName then BreedName. 
Note 
This report has not been implemented. 
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Table 3.2 An example of a report of general direct heterosis (%) and generalised 
overall means for traits (in Farm Class 5)* -
Trait Name Sire Breed Dam Breed Reciprocal first crosses Heterosis 
Name G_Mean Name G_Mean Name G_Mean (%) 
Brightness EF 65 Corriedale 70 EF x Corriedale 64 -5.19 
(Y) EF 65 Merino 68 EF x Merino 64 -3.76 
EF 65 Romney 75 EF x Romney 66 -5.71 
Finn 80 Romney 75 Finn x Romney 78 0.65 
Texel 78 Corriedale 70 Tex x Corriedale 76 2.70 
Bulk EF Romney 22 EFxRomney 25 
(cm3/g) Finn 27 Corriedale 26 Finn x Corriedale 28 5.66 
Finn 27 Merino 28 Finn x Merino 26 -5.45 
Finn 27 Romney 22 Finn x Romney 
PD 31 Corriedale 26 PD x Corriedale 29.5 3.51 
PD 31 Romney 22 PD x Romney 28 5.66 
Texel 32 Corriedale 26 Tex x Corriedale 31 6.90 
Texel 32 Merino 28 Tex x Merino 33 10.00 
Texel 32 Romney 22 Tex x Romney 30 11.11 
*: Cells were left blank in the table where no result was avatlable 
3.5 Discussion 
The sheep crossbreeding database developed in the DSS project has been designed and 
implemented to the information technology industry norms. It would therefore be easy to turn 
the system into a commercial product if required. However, at this stage, only the functions 
necessary for the completion of this research project have been implemented. The core 
components of the database should be adequate for further extension of the DSS. 
3.5.1 Assumptions and limitations 
It has been assumed that all collated data in the system were analysed or processed 
properly before data entry. It was the database administratof's responsibility to identify if data 
were of the required quality, i.e., if the data had been analysed using the acceptable statistical 
and scientific approaches. This is very important because if the collated data were incorrect 
then the outcome of any further analyses or application of the collated data would also be 
subject to that error. The data collation criteria will be discussed in detail in Chapter 4. 
It was therefore necessary to set the database as a read-only system to users to retain the 
integrity of the collated data. However, this setting consequently brought up the first limitation 
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of the system consequently that end users would have no opportunity to enter fresh data sets 
into the database by themselves. Instead, alternative data sets would have to be sent to the 
database administrator for verification and entry. 
This first limitation introduced the need for a database administrator to be available to a 
wide range of end users. The administrator would be responsible for updating the database, 
distributing the latest version to the end users, answering and solving users' questions about 
how to use the system appropriately on a regular basis. Furthermore, issues such as how often 
to update the database and how to distribute the new versions to users (e.g., through the internet) 
need to be considered if it is required to be turned into a commercial product in the future. 
However, these issues are beyond of the scope of this thesis and will not be further discussed. 
It was assumed that the farm classes were the major identifiers of the environmental 
effects in NZ. Such effects can be extremely important to crossbreeding. However, strictly 
speaking, farm classes are essentially economic definitions of environments rather than specific 
environmental definitions used to measure different phenotypic or genetic sheep performance. 
It might have been possible to create some sub-classes in some farm classes to better represent 
different environments, but in general the availability of sheep crossbreeding data in NZ did not 
allow such detailed classification to be made (Wei et al. 2001). This issue will be further 
discussed in Chapter 4. 
It was somewhat arbitrary to assign ClassID 9 to the NZ data that either were collated in 
published reviews and therefore had no specific farm class or were from publications that did 
not specify the information for assigning a farm class. Similarly, assigning class identities of 10 
and 11 to data from Australian sources and other overseas sources respectively was done largely 
for convenience so that such data was not excluded from the database. These were the most 
appropriate compromises that could be made to the system at the time. 
Another obvious limitation of the database was that it could only deal with the analysed 
data that conformed to the defined traits and chosen data format. Some details of the original 
data had to be filtered out in some cases to keep them at the standardised level of detail. For 
example, in one published paper, least squares means of fibre diameter for the Romney were 
reported in different age groups such as 3, 6, 9 and 12 month-old (Newman and Paterson 1991). 
However, only the least squares mean and associated standard error for the group of 12 months 
of age could be entered into the database for the Romney from this paper because the hogget 
fibre diameter was defined as such in the database. This kind of limitation needs to be 
considered carefully in any future database extension. 
3.5.2 Further extension 
The database was not connected directly to the DSS. It was used to store and manage 
data for the DSS. The required data was exported as data files for the advanced statistical 
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models to do analyses and further processing (Chapters 4,5 and 6). This was mainly due to the 
difficulty of coding the statistical and simulation models into one application given the limited 
funds available for the whole DSS project and the time constraint of the thesis. However, this 
would be possible to done should the need justify the additional computing work required. 
The database could be made public through the world wide web to licensed end users. 
Considerable work would need to be done to address the issues of concurrency and security of 
the database in the Internet environment. 
Careful tests were done as each function of the database was developed including the 
queries, forms, reports and macros. These can be displayed in the attached demonstration 
program stored in the CD provided. However, verification may need to be updated as new 
functionality is added to the system in the future. 
It was also important to validate the decision orienated information generated by the 
system. However, this task cannot be done for the database in current use because all data in 
that database have been used to generate the information. This dilemma was due to the lack of 
suitable data, which made omitting any such data difficult to justify. The validation of the 
decision-oriented information will be covered in Chapter 6 as a part of the simulation study. 
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Chapter 4 
Data description and processing 
4.1 Introduction 
This chapter focuses on the data collation for the crossbreeding DSS and analyses of the 
collated data. 
Two types of decisions had to be made before data collation. Firstly, the breeds and 
traits that needed to be collated had to be determined. The number of breeds and traits that 
could be used was determined by the DSS capacity, existing data distribution and future 
extension of the DSS. It was decided that data from the main breeds currently available in NZ 
and their crossbred genotypes would be collated in order to foster interest for the DSS in NZ. 
Secondly, the criteria that were used to decide which of those data would be entered into the 
database had to be determined. 
Two types of data will be analysed in this chapter: firstly, raw data from experimental 
trials and secondly, collated least squares means and standard errors derived from different 
studies, including literature and unpublished trials. Traditional statistical methods were used to 
produce statistics such as least squares means and associated standard errors from raw data so 
that they could be entered into the database and combined with the second type of data. The 
weighted least squares approach of meta-analysis (Part 3, Chapter 2) was used to merge the 
second type of data to obtain the overall means for each combination of genotype and trait. 
To deal with the issues associated with meta-analyses (Section 2.12), NZ farm classes 
(Section 4.2.3) will be used as the environmental identifiers, and the start year of trial will be 
incorporated into the weighted least squares models as.a factor in five-year intervals to estimate 
overall means in this chapter. 
4.2 Materials and methods 
4.2.1 Breeds covered in the data collation 
The currently available NZ pure breeds (lines) and their crossbred genotypes were of 
most interest in this project. These purebred genotypes included Romney (Rom), Perendale 
(Per), Coopworth (Coop), Merino, Super fine Merino (SFMer), Corrie dale (Corr), Border 
Leicester (Bord), Poll Dorset (PD), Dorset, Texel (Tex), Finnish Landrace (Finn), East Friesian 
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(EF), Suffolk and Oxford Down (Oxford). Other NZ purebred genotypes such as High Fleece 
Weight Romney (HFWRom), Cheviot and Drysdale have relatively small populations. Data on 
these breeds and their crossbred genotypes were also collated to for future studies. The name 
convention used for crossbred genotypes was that the first breed named was the sire breed and 
the second was the dam breed. Where a crossbred genotype was used as either sire or dam, the 
parent genotypes were specified in brackets in the same order. For example, the sire and dam 
genotypes of Tex(FinnRom) were Tex and FinnRom respectively; the sire and dam genotypes 
for FinnRom were Finn and Rom respectively. The full names are generally used in the text for 
pure breeds. 
4.2.2 Traits covered in the data collation 
Only traits that had economic importance in sheep production were considered. Traits 
were chosen if they, 1) had direct economic importance in sheep production or 2), were easily 
measured and genetically correlated with economically important traits. 
The traits were aligned with the traits defined in the NZ Sheep Improvement Limited 
(SIL) database as much as possible. These were put in categories, as discussed in Part 1, 
Chapter 2, as: 
1. Carcass: carcass weight (CarcassWt), eye muscle area (EMA), fat depth (GR) 
2. Growth: birth weight (BWT), weaning weight (WWT), live weight at 6,8,12 
months old (LW6, LW8, LW12, respectively) 
3. Hogget wool: brightness, bulk, yellowness (COLM), mean fibre curvature (Curv), 
mean fibre diameter (FDIAM), coefficient of variation of fibre diameter (FDCV), 
fleece weight (FW12), mean staple length (StLgth), washing yield 
4. Ewe wool traits were denoted by the prefix E of those in the hogget wool category 
respectively 
5. Reproduction: number of lambs born per ewe joined (NLB), number of lambs 
weaned per ewe joined (NLW), litter size (LitSize); reproductive traits for hogget 
ewes were denoted as HNLB, HNLW and HLitSize respectively 
6. Disease resistance: faecal egg count before and after 1 March (FECI and FEC2 
respectively), nematode count before and after 1 March (NEM1 and NEM2 
respectively) 
Some traits were measured by a sUbjective scoring system such as foot rot, pinhole and 
ribbyness (Ribby) for lambskins. They were collated for further extension purposes but 
excluded from the following analyses because their associated data were limited and unsuitable 
for meta-analysis as discussed in Section 2.10. 
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4.2.3 Data collation criteria 
Farm classes of NZ sheep farms (Chapter 3) were used as the environmental identifiers 
of data sources. A list and the definitions of the farm classes used are provided in Table 4.1. A 
mixed class called ClassNZ was also defined where classes 1 through to 9 were included. 
Table 4.1 Farm class definitions * 
ClassiC Class Name 
1 South Island High Country Farms 
2 South Island Hill Country Farms 
3 North Island Hard Hill Country Farms 
4 North Island Hill Country Farms 
5 North Island Intensive Finishing Farms 
6 South Island Finishing-Breeding Farms 
7 South Island Intensi ve Finishing Farms 
8 South Island Mixed Finishing Farms 
9** New Zealand Nation-WidelUnknown 
10 Australia Data Source 
11 Other Overseas Data Source 
*: Adopted from Meat and Wool Economic Service of New Zealand 
.*: ClassIDs 9-11 are extensions of the original definitions 
The following criteria were used in the selection of published data in order to keep a 
balance between data quality and sufficient estimates for further analyses. The data had to: 
• Be from sheep crossbreeding trials (as pure breed performance in within-breed 
selection may differ from that in crossbreeding trials) 
• Be for the breeds and the traits listed in Sections 4.2.1 and 4.2.2 respectively 
• Have identifiable information on the triallocation(s) to assign a farm class 
• Have full descriptions of animals such as age, measurement and statistical 
methods 
• Have been analysed correctly -least squares means should be reported with 
appropriate estimates of variance such as standard error. 
Different formats of sampling errors such as SED (standard error of difference), LSD 
(least Significant Difference) and SD (standard deviation), were converted to SEM (standard 
error of mean) before entry into the database (Appendix 1). Details such as the animal age, time 
of measurement, weight or age to which the reported means were adjusted, were recorded 
wherever possible to assist further meta-analyses. Some reported means without associated 
variance estimate were collated, provided that all of the other criteria were met. The maximum 
SEM value of the existing SEM estimates from other trials within the same trait group was used 
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for such means in the weighted least squares analyses (Sections 4.2.6 and 3.2.5.1) as a 
compromise in order to make use of this kind of data. Heterosis estimates (direct and/or 
maternal) were also collated and recorded as percentages whenever available. These estimates 
were used to assist the study in the calculation of starting values of heterosis in the simulation 
model covered in Chapter 6. 
4.2.4 Wool samples and measurement methods 
Raw data from crossbred flocks from ten farms (Table 4.2) were collated. Mid-side 
wool samples (except for Farm Code 10) were collected in 1999 from ewe hoggets or ewes 
from these properties. Most of these flocks were part of an EF cross project conducted by the 
Wool Research Organisation of New Zealand (WRONZ) (Reid and Booker 2001). The wool 
samples (except for Farm 10) were tested at WRONZ and the Wool Measurement Service of 
Lincoln University (WMSLU) respectively using the same measuring routines and methods 
(Appendix 2). Most wool samples were measured for washing yield, mean fibre diameter, 
coefficient of variation of fibre diameter, mean fibre curvature, and percent medullation. Loose 
wool bulk, wool yellowness and brightness were also measured at WMSLU on samples from 
Farms 2, 5 and 6. 
Table 4.2 Details of wool sam~ling and the farms that su~~lied wool sam~les 
Farm Property Location ClassID Cross Animal Test Site 
Code Name Town Region Fitted Type Age 
1 Tarnlet Wyndham Southland 6 EFRom Hogget WRONZ 
EFCoop Hogget 
2 Shoreford Riverton Southland 7 EPRom Hogget WRONZ 
EFTex Hogget 
3 Inverlock Amberley Canterbury 2 EFCorr Hogget WRONZ 
4 Westend Waikari Canterbury 6 EFCorr Hogget WRONZ 
5 Riverly Ashburton Canterbury 8 EPRom Hogget WRONZ 
6 Blakely Ranfurly Southland 2 FinnRom Ewe WMSLU 
7 Kowai bush Springfield Canterbury 6 -EPRom Ewe WRONZ 
8 Longfield Hawarden Canterbury 6 EFCorr Ewe WMSLU 
9 Paerau Ranfurly Southland 6 TexCorr Ewe WMSLU 
10* Corrie Downs Ward Marlborough 2 EFCorr Hogget Unknown 
*: Data supplied by Taylor, M. in 2000 covering performance records ofEF Corriedale crosses in 1996, 
1997 and 1998. 
4.2.5 Method for analyses of raw data 
The procedure of analysis of variance for unbalanced design (AUNBALANCED) in 
Genstat 5 Version 4.2 was used to analyse the raw data. This procedure carries out analysis of 
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variance using the regression directives and is therefore very useful for designs that are not 
balanced and where multiple comparisons need to be made. The fixed linear model in full is: 
where: 
y = j.1 + Breed + B _ Rank + R _ Rank + Age + error (Model 4.1) 
Y 
Jl 
Breed 
B_Rank 
R_Rank 
Age 
error 
is the least squares estimate 
is the model constant 
is the fixed effect of different genotypes 
is the fixed effect of birth rank 
is the fixed effect of rearing rank 
is the fixed effect of animal age 
are the random errors 
The full model was applied only to Taylor's dataset (Farm Code 10, Table 4.2) where 
most information was available. For the data sets generated from the wool measurement 
mentioned in Section 4.2.4, B_Rank and R_Rank were not available and were dropped from the 
model. Age was also dropped from the model when data in a study were from one animal age. 
4.2.6· Methodology for meta-analyses 
The linear weighted least squares model used for the trait effect sizes (general means) 
was analogous to the model used in conventional multiple linear regression analysis (Hedges 
and Olkin 1985), which can be written in matrix notation as: 
y = XfJ + e, var(y) = V (Model 4.2) 
where: 
y 
X 
f3 
e 
var(y) 
V 
was the vector of unbiased estimators of trait effect size 
was the incidence matrix (also called design matrix) 
was the vector of regression parameters 
was the vector of random errors 
was the covariance mC).trix of y 
was a diagonal matrix with variances of the y on the main 
diagonal 
The weighted least squares estimator of f3under the Model 4.2 was given by 
/J = (X'V-IX)-I XV-Iy (Equation 4.1) 
with the covariance matrix of the estimator of f3 being 
var(fJ) = (X 'V-I X)-I 
The goodness of fit of the model was tested with the X2 test as: 
%2 = (y _ y)'V-1 (y _ y) 
(Equation 4.2) 
(Equation 4.3) 
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The large sample normal approximation to the distribution of /1 (ie /J - N(~, var(~)) 
was used to test the significance or calculate confidence intervals for components of~. For 
/1 = (/11' ... , /J p ), O'jj is the jth diagonal element of var(~), then a 100(1-a) percent confidence 
interval for ~j was given by 
/Jj - Ca/2~ajj ~ f3 j ~ /1j + Ca/2~ajj (Equation 4.4) 
where Ca12 is the two-tailed critical value of the standard normal distribution. 
Farm class was unable to be included as a factor in the model since there were 
insufficient data. Interactions were also ignored for the same reason. The actual fitted model 
was: 
Y = 11 + Breed + Year _ Code + Covariate + error (Model 4.3) 
where: 
y 
11 
Breed 
Covariate 
error 
the unbiased estimator of the trait effect size 
the model constant 
the factor effect of genotypes (see Section 3.2.2 for definition) 
the factor effect of Yearoffrial (see Section 3.2.4.2 for 
definition); Yearoffrial was coded as levels of 1 to 8 in five-
year intervals from 1970 to 2005 
the effect of the adjustment factor (see Section 3.3.2 for 
definition) used for covariance calculation 
is the random error effects (assumed to be normally distributed 
with mean zero and variance proportional to the squared 
theoretical standard error) 
The Covariate was droppedfrom the model when not applicable. 
Because most of the collated data were produced from the trials located in farm classes 
5,6 and 7 (Wei et al. 2001), data from these three classes were analysed separately to produce 
regional means. For other farm classes, there were not'enough data to perform analyses for each 
of them. Analyses were also done for a combined class (ClassNZ) where all NZ data (Section 
4.2.3) were used to produce means at the national level. 
The standard error of the ith input mean, (SEj ) was used to calculate the weight for the 
mean as lISEj2 in the model. The generalized linear model procedure (GLM) in Genstat 5 
Version 4.2 was firstly used to test the goodness of fit of the regression model. Then the 
AUNBALANCED (Section 4.2.5) was used for weighted least squares analyses. Predictions 
were linearly adjusted accordingly using the marginal weight of Y eac Code effect and the fixed 
level of Covariate effect where applicable. 
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4.3 Results and discussion 
4.3.1 Unpublished crossbreeding data analyses 
The raw data from each farm described in Section 4.2.4 were analysed separately using 
the method described in Section 4.2.5. The results are displayed in hogget or ewe wool 
categories. 
4.3.1.1 Hogget wool traits 
Hogget wool results from different farms are presented in Table 4.3. 
None of the six data sets presented in Table 4.3 had performance records available for 
all the parental pure breeds that were involved in the crossbreeding trials. This was because 
either only crossbreeding sires were available on the farms, crossbred sires/darns were 
purchased from other properties without performance records, or the local pure breeds were 
ignored by the owner when supplying samples (eg Romney in Farm 5). 
Significant differences were found among FDIAM results from Farms 1, 2, 4 and 10 in 
Table 4.3. Nearly all the progeny resulted from EF x Corrie dale crosses had significantly higher 
FDIAM estimates than the Corriedale progeny except for the (EFCorr)Corr on Farms 3 and 10. 
The FDIAM estimates of the progeny of EF sired Romney ewes were not consistently lower 
than that in the Romney progeny on Farms 1 and 2 or higher than that in the EF progeny on 
Farm 5. For example, compared to the corresponding Romney hoggets, (EPRom)Rom on Farm 
1 had a significantly higher FDIAM whereas EPRom on Farm 2 had a significantly lower 
estimate. The FDIAM for EF(EF(EPRom)) was 1.7 !-tm lower than the EF, although this 
difference was not significant. 
FDIAM estimates differed between purebred Romneys on Farms 1 and 2. The 
Romneys on Farm 2 had much higher FDIAM estimate, by to 5.7 !-tm, than those on Farm 1, 
and greater than those cited in Table 2.4. The differences in FDIAM estimates among the three 
Corrie dale flocks were also observed but the maximum difference was less than 3 !-tm in value. 
These across flock differences within the same breed c.ould have been caused by a number of 
genetic and environmental factors (different farm classes for example), but without genetic 
linkages between trials, it was not possible to determine what the actual causes of these effects 
were. 
FDCV estimates, however, were relatively consistent within each farm although some 
significant differences were observed between genotypes on Farms 2, 4 and 10 (Table 4.3). The 
crossbred genotypes generally had higher variation than their counterpart local pure breeds but 
in only three cases were the differences significant (EPRom on Farm 3, (PDEF)Corr on Farm 5 
and EFCorr on Farm 10). 
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Table 4.3 Least sguares means and standard errors of hogget wool traits* 
Farm Genotype N FDIAM FDCV Curv Medullation Yield 
Code (J.tm) (%) ( degree/mm) (%) (%) 
1 Romney 28 32.3±O.7a 25.1±O.5 47A±O.8c 1.2±OAa 
Coopworth 31 37.2±O.6c 25.7±O.5 41.0±O.8a 3.9±OAb 
(EFCoop )Coop 32 36A±O.6bc 25A±OA 44.7±O.7b 3.1±OAb 
(EPRom)Rom 28 35.2±O.7b 24A±O.5 48.7±O.8c 1.3±OAa 
Mean LSD (5%) 1.9 1.3ns 2.2 1.2 
2 Romney 76 38.0±O.2c 21.2±O.2a 44.3±OS 2.0±O.2b n.8±O.8 
EPRom 24 32.7±OAa 22A±OAb 58.0±O.9b l.O±OAa 74.6±1.4 
EFTex 21 34.6±OAb 22.2±OS 59.1±l.Ob 1.8±OAa 75.9±1.5 
Mean LSD (5 %) 1.0 1.1 2.4 0.9 3.6ns 
3 Corriedale 25 25.8±O.3 21.7±OA 66.8±O.8a 1.1±O.3 
(EFCorr )Corr 25 26.6±O.3 21.3±OA n.8±O.8b O.7±O.3 
Mean LSD (5%) 0.8ns 1.2ns 2.3 0.8RS 
4 Corriedale 23 27.7±O.3a 22.5±OAa 64A±1.8ab 1.1±O.3 
(EFCorr)Corr 24 31.7±O.3c 22.8±OAa 60A±1.8a 1.8±O.3 
(PDEF)Corr 22 29.6±O.3b 24.5±OAb 69.6±1.9c 1.3±O.3 
Mean LSD (5 %) 0.7 1.2 5.2 0.9RS 
5 EF 12 30.7±O.7 25.7±O.7 58.5±1.2b 1.1±O.1b 
EPRom 2 31.6±1.7 25.3±1.8 52A±5.0ab O.9±O.2ab 
EF(EPRom) 34 30.6±OA 25.5±OA 51.9±1.2a O.8±O.1ab 
EF(EF(EPRom)) 5 29.0±1.1 26.5±1.2 59.1±3.2b O.7±O.1a 
Mean LSD (5%) 2.9RS 3.2RS 8.7 0.4 
10 Corriedale 253 28.5±O.1a 21.5±O.2a 69A±O.3a 
EFCorr 38 31.7±OAb 23.2±OAab 75.0±O.7b 
(EFCorr)Corr 43 28.7±O.6a 22.7±O.7a 70.6±1.2a 
EF(EFCorr) 6 32.0±O.8b 22.2±O.9a 76.3±1.6b 
Mean LSD (5%) 1.4 1.6 2.9 
N: Observation number Mean LSD: Average least significant difference ns: Non significant 
*: Means within a Farm Code with the same superscript are not significantly different (p<O.05); Cells 
were left blank where no information was available 
Mean fibre curvature estimates seemed to be highly related with their corresponding 
FDIAM estimates on Farms 1 to 5 in Table 4.3, where genotypes with finer fibre diameters 
generally had higher curvature estimates. For exampl~, the FDIAM estimate for EF on Farm 5 
was lower than that for the Romney and Coopworth and higher than that for the Corriedale. 
Correspondingly, the mean curvature estimate for EF was higher than that for the Romney and 
Coopworth and lower than the Corriedale. Similarly, the EF sired Romney and Coopworth 
crossbred progeny had higher curvature estimates than the corresponding pure Romneys and 
Coopworths; the EF sired Corriedale progeny had lower curvature estimates than the pure 
Corriedales. 
However, this possible correlation relationship was not always evident. For example, 
(EFCorr)Corr had a similar FDIAM estimate as the Corriedale on Farm 3 but a significantly 
higher curvature estimate than the Corriedale counterparts; the EFTex had a significantly higher 
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FDIAM estimate than the EPRom but a slightly higher curvature estimate than the EFRom; the 
(PDEF)Corr had significantly higher FDIAM and curvature estimates than the Corriedale 
respectively on Farm 4. The latter two were understandable because both the Texel and Poll 
Dorset were reported to have a high fibre curvature compared to NZ local breeds (Sumner and 
Upsde1l2001; WUliji et al. 1995; Wuliji et al. 1997). But it was not clear whether the 
significantly higher estimate of curvature in (EFCorr)Corr on Farm 3 was due to heterosis 
effects because the performance records for the EF and EFCorr were not available. 
Although significant differences in percent medullation were found on Farms 1,2 and 5, 
they did not cause significant difference in wool prices (Lee 1999; Merrick 1998). The 
Coopworth and (EFCoop )Coop had significantly higher level than the Romney and 
(EPRom)Rom on Farm 1 and the highest level for this trait in Table 4.3. The EF had similar 
medullation percent as the Romney and Corriedale. So did the crossbred progeny sired by EF. 
Yield was measured only on samples from Farms 2 and 10 (Table 4.3). Yield estimates 
in EFCorr and EF(EFCorr) were 5.6 and 6.9 percent higher respectively than that in the 
Corriedales on Farm 10 (p<0.05). Correspondingly, significantly lower greasy fleece weights 
were found in the EFCorr (4.55±0.08) and in EF(EFCorr) (3.89±0.17) than in Corriedales 
(4.75±0.03) (P<0.05). No significant difference was observed in the Yield results among the 
genotypes on Farm 5. 
4.3.1.2 Ewe wool traits 
Ewe wool trait results are presented in Tables 4.4 and 4.5. Animal age was 
incorporated into the model described in Sections 4.2.5 to analyse raw data from Farms 8 and 9 
where information was available. However, age effects were only significant for Yield on Farm 
8 (P<O.01) and EBrightness on Farm 9 (P<0.05). To meet the data collation requirement 
mentioned in Section 4.2.2 and 4.2.3, age effects were averaged over in the model to produce 
least squares results. 
Both the FinnRom and EPRom had significantly lower mean EFDIAM than their 
Romney counterparts (Table 4.4). The EFDIAM estimates for the two EF Corriedale crosses on 
Farm 8 were both significantly higher than the Corrie dale estimate. The Texel had a similar 
effect to the EF when mated with the Corriedale. All the resultant crossbred genotypes on Farm 
9 had significantly higher EFDIAM estimates than the Corriedale. 
Heterotic effects were obvious in EFDIAM in EFCorr, (EFCorr)Corr and 
Tex(Tex(TexCorr)) because anyone of the mean EFDIAM estimates for these genotypes was 
greater than the higher estimate for the corresponding parental genotypes. However, paternal 
and maternal heterotic effects may have also been involved in (EFCorr)Corr and 
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Tex(Tex(TexCorr)) respectively, which needed to be estimated by a specific crossbreeding 
model. This issue will be explicitly dealt with in Chapter 5. 
Ecurv estimates also appeared to be highly related with the mean EFDIAM estimates in 
Table 4.4, where lower EFDIAM estimates were normally corresponding to higher ECurv 
estimates. The Texels (Farm 9) had similar amount of curvature estimate as the Corriedales 
although their mean EFDIAM was significantly higher than the Corriedales (P<0.05, Table 4.4). 
This finding confirmed the curvature advantage in Texel wools. 
Table 4.4 Least squares means and standard errors for ewe wool traits 
measured from OFDA * 
Farm Genotype N EFDIAM EFDCV ECurv Medullation 
Code (#tm) (%) (degree/mm) (%) 
6 Romney 31 39.9±0.4b 22.2±0.4 44.2±0.9a 1.0±0.lb 
FinnRom 35 31.4±0.4a 22.1±0.4 56.6±0.9b O.4±.Ola 
Mean LSD (5%) 1.0 1.es 2.6 0.3 
7 Romney 20 37.6±0.5b 23.6±0.4a 39.5±1.3 4.0±0.7b 
EPRom 22 34.6±OS 25.5±0.4b 43.4±1.3 0.9±0.7a 
(EPRom)Rom 20 36.5±0.5b 23.2±0.4a 41.6±1.3 1.5±0.7a 
Mean LSD (5 %) 1.4 1.2 3.7DS 1.9 
8 Corriedale 60 30.0±0.4a 22.1±0.4 71.9±1.4ab 0.8±0.2 
EF 7 33.0±1.1b 20.2±1.1 66.2±4.0a 0.6±0.5 
EFCorr 97 33.8±0.3b 21.8±0.3 62.4±1.1a 0.9±0.1 
(EFCorr)Corr 24 34.1±0.8b 22.7±0.8 62.5±2.r 0.7±0.3 
Mean LSD (5%) 1.9 1.9DS 6.8 0.9DS 
9 Corriedale 25 28.4±0.6a 20.9±OS 74.3±2.0ab 0.3±1.7a 
Tex 36 34.5±OS 20.8±0.4a 71.3±1.7a 6.1±1.5ab 
TexCorr 30 32.2±0.5b 21.5±OS 69.3±1.8a 3.1±1S 
Tex(TexCorr) 21 34.0±0.7c 21.2±0.7a 70.8±2.6a 7.7±2.3abc 
Tex(Tex(TexCorr) 39 35.7±0.5cd 22.7±0.4ab 67.5±1.6a 9.0±1.4bc 
Mean LSD (5%) 1.5 1.4 5.4 4.7 
N: Observation number Mean LSD: Average least significant difference 
DS: Non significant *: Means within a Farm Code with the same superscript are 
not significantly different (P<O.05); Cells were left blank where no information was available 
The EF also showed the low medullation feature in ewe wool. This could be seen from 
the low medullation estimates for EF crossbred progeny on both Farms 7 and 8, among which 
estimates in EPRom and (EPRom)Rom were significantly lower than the Romneys. The 
Corriedales (Farms 8 and 9) and the FinnRom (Farm 6) also had low medullation estimates. 
The Texels and their crossbred genotypes (except for the TexCorr) had significantly higher 
medullation than the Corriedales. Further work needs be done to analyse how important this 
feature will be in terms of the prices for Texel crossbred wools. 
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The results of yield, bulk, brightness and yellowness from ewe wool samples are 
presented in Table 4.5. Significantly higher mean EYield estimates were found in EFCorr, 
(EFCorr)Corr, Texel and Texel x Corriedale crosses than that in the corresponding Corriedales. 
Both the EF and Texel were found to have a significantly higher EBulk than the corresponding 
Corriedales on Farms 8 and 9 respectively although the Texel estimate was not as high as 
reported (Dobbie et al. 1991). All of the crossbred progeny sired by EF or Texel had higher 
EBulk than the Corriedales but none of their estimates was significantly higher. The FinnRom 
had a significantly higher EBulk than the Romneys on Farm 6. 
Table 4.5 Least squares means and standard errors for Yield, Bulk and Colour 
from ewe wool sam~les* 
Farm Genotype N EYield EBulk EBrightness ECOLM 
Code (%) (cm3/g) (Y) (Y-Z) 
6 Romney 32 77.8±0.7 20.0±0.3a (19)1 65.1±0.23 4.4±0.2 
FinnRom 35 76.1±0.7 21.4±0.2b (31) 67.7±0.2b 3.8±0.2 
Mean LSD (5%) 2.0ns 0.7 0.7 0.7DS 
8 Corriedale 40 77.4±OS 24.9±0.33 67.2±0.2 4.0±0.2 
EF 5 76.8±IS 27.5±1.03b 67.2±0.7 3.3±0.7 
EFCorr 67 80.5±0.4b 25.6±0.33 67.0±0.2 3.7±0.2 
(EFCorr)Corr 12 80.1±1.0b 25.8±0.73 66.5±0.5 3.4±0.4 
Mean LSD (5%) 2.5 1.6 LIDS 1.2DS 
9 Corriedale 25 75.0±0.83 (24) 25.5±1.03 (6) 68.8±0.43b 2.5±0.23 
Tex 35 79.4±0.7b (36) 28.3±0.73b (14) 67.4±0.33 3.1±0.lb 
TexCorr 30 79.3±0.7b 27.2±0.83 (11) 69.3±0.4b 3.0±0.2b 
Tex(TexCorr) 21 76.3±1.0a 26.9±1.0a (10) 69.3±0.5b 2.5±0.23 
Tex(Tex(TexCorr) 39 78.9±0.6b 27.5±0.83 (11) 67.8±0.33 3.1±0.lb 
Mean LSD (5%) 2.1 2.4 1.1 0.5 
N: Observation number 1: Different observation number in bracket 
Mean LSD: Average least significant difference os: Non significant 
*: Means within a Farm Code with the same superscript are not significantly different (P<O.05); Cells 
were left blank where no information was available 
The FinnRom had brighter (P<0.05) and less yellow wool than the Romneys. No 
significant difference in brightness and yellowness was detected between the genotypes on 
Farm 8. The Texels, however, had a lower mean EBrightness and a higher mean ECOLM than 
the Corriedales (both P<0.05). Some significant differences were also found in the Texel x 
Corriedale crosses for these two traits. However, the sizes of differences detected in them were 
small and unlikely to cause changes in wool prices among those genotypes (Table 4.5). 
Mean staple length (cm) was also reported on the samples from Farm 7. The EFRom 
had a significantly lower mean staple length (13.9±0.3) than the Romneys (14.7±0.3)(P<0.05). 
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The backcross, (EFRom)Rom, had a higher measurement in staple length (15.1±O.3) than the 
Romneys but that difference was not significant. 
It was noticed that the effects of heterosis were obvious in certain traits when 
comparing the first cross performance with the corresponding average performance of the 
parental breeds, eg, the EFDIAM and EYield in EFCorr on Farm 8. Unfortunately, they were 
not always obvious especially when some necessary data were not immediately available, such 
as on Farms 6 and 7 where only one parental breed had performance records. This issue will be 
dealt with in Chapter 5. 
4.3.2 Meta-analysis results 
The collated data in the database were analysed using the method described in Section 
4.2.6. These analyses were performed for farm classes 5, 6, 7 and ClassNZ respectively, trait by 
trait. Factors that affected the analyses were first inspected (Section 4.3.2.1). The generalised 
means and standard errors of meta-analyses are then presented (Section 4.3.2.2). 
4.3.2.1 Factors affec,ting weighted least squares analyses 
Collated data were analysed using the method described in Section 4.2.6. Summary 
information of the weighted least squares models and the significant test results of the effects of 
the two factors, Breed and YeacCode, for a range of farm classes are presented in Tables 4.6. 
There were insufficient data for a number of traits to fit the Ipodel, especially on farm 
classes 5, 6 and 7 where the amount of data was less than that in the combined NZ class. 
Generally, traits associated with greater numbers of input means tended to have more 
opportunities to show statistically significant factors. Some traits had very low R2 values such 
as BWT, CarcassWt and EMA in Class 5, implying that these models could not explain the data 
efficiently. This suggests that either these factors were statistically insignificant because of the 
insufficient input data and low power of statistical tests, or there were other unidentified factors 
that biologically affected the performance significantly but were not included, or that the 
variation observed was largely random 
In many cases YeacCode was unable to be included or fully included in the model for 
two reasons: all estimates input were produced in the same period (identical code); no genotype 
had replicated input means across all the code levels. When this happened it was therefore 
dropped from the model. Consequently the model was unable to eliminate bias from the 
estimates. Marginal weights averaged over the levels of YeacCode effects were used to predict 
overall means. 
It should be noted that the year effects would still contribute to variation within a 
YeacCode class even when YeacCode were fully included in the model. This variation could 
have caused bias to the estimates produced. It should also be noted that the farm class 
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classification, by its nature, was unable to differentiate the within farm or within trial 
environmental influences and to reflect environmental changes with time. Consequently, the 
meta-analysis model was unable to take these possible environmental biases into account. 
These were further discussed in Sections 4.4 and 5.4.2. 
Table 4.6 Summary information of the weighted least squares analyses 
Trait Factor 
ClassNZ 
N R2 FB Fy 
BWT 26 0.56 + 
WWT 78 0.83 ** 
LW81 17 0.79 * 
LW12 48 0.68 ** 
CarcassWt 142 0.66 ** 
EMA 51 0.97 ** 
OR 55 0.83 ** 
LitSize 13 0.84 * 
NLB 6 0.99 ** 
NLW 18 0.91 ** 
Brightness 27 0.01 ns 
Bulk 63 0.90 ** 
COLM 47 
Curv 48 0.93 ** 
FDIAM12 103 0.96 ** 
FDCV 37 0.50 * 
FW12 62 0.72 ** 
StLgth 50 0.93 ** 
Yield 62 0.29 + 
Ebrightness 20 0.70 + 
Ebulk 22 0.93 ** 
ECOLM 27 0.93 ** 
Ecurv 14 0.94 + 
EFDIAM 37 0.99 ** 
EFDCV 18 0.86 Ns 
EFW12 26 0.77 ** 
EstLgth 17 0.81 ** 
Eyield 26 0.55 + 
N: Number of mput means used 
FB: Factor of Breed 
1: Six estimates ofLW6 included 
ns: Non significant 
*: 0.01 < P < 0.05 
ns 
** 
ns 
** 
** 
** 
** 
** 
ns 
** 
+ 
ns 
ns 
ns 
ns 
ns 
+ 
ns 
N 
5 
30 
24 
37 
5 
11 
3 
3 
8 
5 
15 
15 
2 
16 
2 
16 
19 
14 
5 
5 
10 
16 
16 
10 
10 
Class 5 Class 6 Class 7 
R2 FB Fy N R2 FB Fy N R2 FB Fy 
0.01 ns ns 19 0.55 ns ns 
0.91 ** ns 5 32 0.85 ** ** 
10 0.94 * 
0.93 ** * 5 13 0.42 ns 
0.36 * 30 0.93 ** 16 0.35 ns ns 
0.01 ns ns 20 0.90 ** 4 0.97 ns 
0.86 ** ns 21 0.70 ns 12 0.44 ns 
8 0.67 ns 
3 
0.92 * 10 0.95 * 
0.27 ns 15 0.44 ns + 
0.93 ** ** 5 22 0.75 * ns 
0.93 ns ** 5 22 
10 14 0.75 ns 
0.99 ** ** 15 31 0.72 * ** 
7 3 
0.99 ** ** 11 26 0.99 ns 
0.87 ** * 8 10 
0.99 ** ** 5 29 0.11 ns 
9 2 
0.99 + 9 0.92 ns 
0.52 ns ns 9 2 
12 0.99 + 
0.99 ** ns 12 0.82 ns 2 
12 0.66 ns 2 
0.97 ** 8 0.94 * 
0.88 * 3 
0.71 + ns 9 0.13 ns 3 
.~ .. R : CoeffiCient of determmatlOn of the regresslOn efficacy 
Fy: Factor of YeacCode 
+: 0.05 < P < 0.10 
**: P<O.Ol 
Blank cell: no information available, or insufficient data to fit the model, or factor unable to be included 
4.3.2.2 Meta-analysis results 
The trait overall means and associated standard errors of those means are displayed in 
Tables 4.7-4.11 in growth, carcass, reproduction, hogget and ewe wool categories respectively. 
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The overall means ofWWT, LW8, LW12 and CarcassWt were adjusted to 90,240,360 and 300 
days of growth respectively. The means of FW12 and StLgth were both adjusted to 240 days of 
growth while EFW12 and EStLgth were both adjusted to 360 days of growth. Means for EMA 
and GR were both adjusted to 19.5 kg carcass weight. To avoid big tables of data, results 
produced from models where Breed effects were not significant (Table 4.6) are removed. But 
the removed results will also be used in the estimation of heterosis covered in Chapter 5. 
4.3.2.2.1 Growth traits 
The overall means of each available genotype are presented in Table 4.7 in different 
farm classes. Corresponding to the non-significant breed effect (0.05<P<0.1O) for BWT in 
ClassNZ model (Table 4.6), only small differences were found among the BWT overall means 
for genotypes in Table 4.7. It was noticed that the power of meta-analysis was not fully utilised 
because most available genotypes had only fewer than three reported means (Table 2.2) as 
replicates. Unfortunately, this limitation applied to most of the meta-analyses in Section 4.3.2. 
Some collated published means, which were regarded to be unusual by the original 
authors, affected the sizes of overall means accordingly. For example, the Tex(TexRom) was 
reported by Wuliji et al. (1997) to have unexpectedly low performance of BWT, WWT and 
L W 12 for unknown reasons. The Tex(TexRom) results of the three traits, displayed in bold in 
Table 4.7, were also unexpectedly lower than their corresponding TexRom results. 
The overall WWT means (Table 4.7) were adjusted to 90 days of growth. These means 
reflected the characteristics of the input data (Table 2.2) and could be easily compared with each 
other quantitatively after incorporating statistical analyses. For example, it can be seen from 
Table 4.7 that all EF x Corriedale crossbred genotypes had higher WWT estimates than their 
corresponding EF x Coop worth crosses in ClassNZ, and the difference between each pair 
comparison could be statistically tested by using Mean SED. Similar characteristics of the 
WWT performance of these genotypes could be detected from Table 2.2 but no significance test 
could be made for comparisons. 
As displayed in bold in Table 4.7, the Oxford Down, OxfordCoop, Texel, TexCoop, 
Finn and FinnRom had relatively higher WWT estimates in ClassNZ. Similarly as those in 
Table 2.2, the Suffolk crosses and most Texel x Romney crosses did not show overall WWT 
means as high as the bold group. 
Nearly all the WWT estimates in Class 5 were lower than their counterparts in ClassNZ 
(except for that in the MerinoRom) although the input data in the Class 5 model were also used 
in the ClassNZ model. By comparing the input data between the two models, it was found that 
the genotypes that had at least two records in the Class 5 model such as the Romney, generally 
had greater heterogeneity among the input data and higher average performance in the qassNZ 
model for each genotype. This is mainly because that the ClassNZ model took input data not 
71 
only from Class 5 and Class 7, but also from other farm classes. However, it was not sure if this 
reflected the real difference in genotype x environment interaction because analyses were done 
separately in two classes. 
Table 4.7 Overall least sCiuares means and standard errors of growth tralts* 
Genotype BWT WWT1 LW82 LW123 
ClassNZ ClassNZ Class 5 Class 7 ClassNZ Class 6 ClassNZ Class 5 
Romney 
Coopworth 
Perendale 
Merino 
Border Leicester 
Finn 
Texel 
Oxford Down 
HFWRom 
SFMer 
BordMerino 
BordRom 
CoopRom 
Coop(EFCoop) 
EFCoop 
EFCorr 
EF(EFCorr) 
(EFCoop )Coop 
(EFCorr)Corr 
FinnRom 
MerinoRom 
(SFMerRom)Rom 
OxfordCoop 
OxfordRom 
RomCoop 
RomPer 
SuffolkMerino 
SuffolkRom 
TexCoop 
TexMerino 
TexRom 
Tex(TexRom) 
(TexRom)Rom 
TexRomF2 
4.3±0.1 
4.6±0.3 
4.3±0.3 
4.1±0.3 
4.1±OA 
4.S±0.1 
4.3±0.1 
4.9±O.9 
S.2±O.7 
4.8±O.7 
4.7±0.3 
4.2±O.S 
4.6±0.3 
4A±0.5 
PDMerino 
(PDRom)(TexRom) 4.3±0.S 
Mean SED4 0.6 
19.3±0.5 18.1±OA 18.6±1.5 32.6±1.6 
21.1±0.7 21.8±0.8 
20.6±1.3 19.5±1.1 21.S±2.2 
43.0±2.7 43.6±2.9 
36.9±4.8 4S.0±S.9 
20.S±1.9 IS.9±2A 16.1±8.6 34.3±2.6 3S.0±1.0 38.8±4.0 
23.3±6.1 18.7±8.6 
28.S±6.1 21.1±3.1 
29.2±6.1 21.7±3.1 
31.4±6.1 24.0±3.1 
22.8±1.1 20.2±1.9 
24.9±2.3 
2S.3±2.1 
20A±0.8 18.8±0.6 
20.0±0.6 18.7±0.6 20.2±1.1 
22.9±S.0 23.7±4.9 
24.6±3.5 
29.3±2.9 
28.S±6.0 
2SA±3.S 
21.1±3.1 21.9±3.1 
28.3±4.0 
30.1±1.6 22.6±1.4 
17.2±1.7 17 .2±1.1 
17.0±3.6 
3S.2±3.1 27.7±1.8 
2S.9±6.1 18A±3.1 
42.3±11.538.8±4.0 
44.S±ll.S 42.8±S.9 
48.1±11.S48.5±S .9 
44.7±3.9 
43.3±2.4 42.0±0.9 47.2±4.8 
37.8±6.1 
49.1:8.4 49.7±3.0 
46.7±3.5 47.3±3.1 
41.7±S.S 42.2±3.6 
4S.6±8.7 4S.8±4.0 
40.0±S.2 
S8.7±6.9 S9.1±4.1 
S6.9±11.S S7.3±S.9 
30.0±3.1 22.5±1.8 S3.8±7.3 S4.2±4.2 
21.1±6.1 17.6±6.S 37.8±2.7 
2S.0±2.6 41.S±2.2 41.7±1.1 47.1±4.6 
24.7±6.1 17.2±3.1 SS.S±l1.S SS.9±S.9 
33.3±2.4 2S.8±1.6 S8.7±S.8 S9.1±3.7 
24.3±2.9 39.6±3.1 40A±1.2 47.7±4.9 
2S.8±1.1 17.8±3.1 23.2±1.8 31.4±2.S S3.7±3.8 S3.6±S.9 
49.4±9.S 23.S±2.7 21.0±3.0 
22.S±1.3 
2S.2±2.3 
26.3±2.0 
2SA±2.3 
4.7 
20.0±1.9 S1.3±4.3 
22.7±2.7 S4.7±8.S 
44.2±2.3 43.6±0.9 S2.3±4.7 
22.9±2.7 SS.8±8.0 
2.9 5.7 4.1 1.4 9.3 3.8 
I: Adjusted to 90 days of growth 3: Adjusted to 360 days of growth 
2: Adjusted to 240 days of growth 4: Average standard error of difference 
*: All trait units in the table are kg; Cells were left blank where no information was available; Interesting 
results are in bold 
It was also found that a number of genotypes had only one WWT record available in 
both models. For example, the Oxford Down only had one record ofWWT as 27.57 kg used in 
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both the Class 5 and ClassNZ models but had a different overall mean estimates in different 
models: 31.4 kg in ClassNZ and 24.0 kg in Class 5. These problems will be greatly reduced 
when more records for these genotypes become available for analyses. 
The results of L W8 in ClassNZ and Class 6 were similar. The TexRom estimate was 
unexpectedly lower than the Romney's but was the same as the value reported by Wuliji et 
al.(1995). PDMerino, BorderMerino, SuffolkMerino and TexMerino had the highest estimates 
in this trait after adjustment as displayed in bold in Table 4.7. 
The estimates ofLW12 for each available genotype were similar between ClassNZ and 
Class 5 although the Mean SED of LW12 in ClassNZ was much higher than that in Class 5 
(Table 4.7). The Oxford Down, Suffolk, Poll Dorset, Texel and their crosses had relatively high 
estimates, which agreed with those in Table 2.2. 
4.3.2.2.2 Carcass traits 
Carcass trait results are displayed in Table 4.8. To avoid data deficiency, means 
produced from trials in the 1970s were also used where possible in the analyses, although this 
was not strictly appropriate in some cases (Section 2.3.3) (Wei et al. 2001). 
Similar conclusions can be drawn from the CarcassWt results in Table 4.8 as those from 
Table 2.3: Oxford, Suffolk, Texel, Poll Dorset and Border Leicester sired lambs outperformed 
the purebred lambs ofthe local dam breeds. The Dorset, as the genetic origin of Poll Dorset, 
also had high carcass weight estimates in its resulted crossbred progeny. 
The TexRom did not show high EMA estimate in the group as expected. However, 
high EMA estimates were observed in the TexMerino (16.6), PDMerino (15.6) and PDRom 
(14.0). The Romney crosses sired by Poll Dorset, Texel, Oxford Down and Suffolk had 
relatively low GR estimates. It was noticed that all Merino resultant genotypes (except for 
MerinoRom) had high EMA estimates (over 14.2 cm2) but their input means were from the 
same report (Scales et al. 2000). These genotypes also had high estimates in GR (above 10.8 
mm). More studies on carcass traits are needed to clarify these issues. 
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T bl 480 a e . vera nit eas s~uares means an d t d d san ar errors 0 f carcass t 't * ral s 
Genotype CarcassWe (kg) EMA2 (cm2) GR3 (mm) 
Class NZ Class 5 Class 6 Class NZ Class 6 Class NZ Class 5 
Romney 14.8±0.S 16.8±1.3 17.9±4.0 12.1±0.2 9.0±O.4 12.2±0.7 
Coopworth 18.S±0.5 21.S±1.1 8.8±1.0 
Perendale 17.0±0.7 IS.7±l.S 12.7±0.3 8.4±1.1 
Merino 13.9±0.9 16.4±0.S 14.2±O.4 14.6±0.5 1O.8±0.7 
Corriedale 18.6±6.0 18.1±4.0 
Dorset 19.3±6.0 18.8±4.0 
BordMerino 18.1±0.9 20.S±0.5 14.9±O.3 IS.3±0.3 1l.9±O.6 
BordRom 21.8±1.7 17.1±1.7 1O.7±0.8 9.3±2.3 
CoopRom 17.S±1.1 1l.9±2.3 
CorrDoset 19.3±6.0 18.8±4.0 
CorrRom 18.6±6.0 18.1±4.0 
DorsetCorr 19.0±6.0 18.S±4.0 
DorsetRom 17.8±1.1 18.6±4.0 
MerinoRom IS.9±1.1 14.1±1.3 12.3±0.3 
OxfordRom 20.9±2.7 12.0±0.5 10.0±2.0 
PDMerino 19.5±O.9 21.8±0.5 lS.6±O.3 16.0±0.4 1l.l±O.6 
PDRom 21.7±1.6 17.2±1.7 14.0±O.8 9.S±3.2 
RomDorset 19.1±6.0 18.6±4.0 
SuffolkCoop 20.1±6.0 19.7±4.7 
SuffolkMerino 18.3±1.0 20.8±O.6 lS.6±O.3 16.0±0.4 1l.S±O.6 
SuffolkRom 19.7±1.2 18.S±1.3 12.2±0.7 10.8±1.3 13.4±0.7 
TexMerino 17.9±1.1 20.1±O.6 16.6±O.4 16.9±0.4 1l.S±O.7 
TexRom 18.3±1.6 20.7±1.6 12.6±0.S 9.6±1.3 12.1±0.7 
MeanSED4 4.2 2.3 4.1 0.7 0.5 2.1 0.8 
I . 2 j. 
. Adjusted to 300 days of growth and . Adjusted to 19.5 kg carcass weIght 
4: Average standard error of difference 
*: Cells were left blank where no information was available; Interesting results are in bold 
4.3.2.2.3 Ewe reproduction traits 
Reproduction trait results are displayed in Table 4.9. The number of available 
genotypes was much less than that in Tables 4.7 and 4.~, indicating the dearth of information in 
this category. The number of reported means of HNLB and HLitSize (8 each) by McMillan et 
al. (McMillan et al. 1988), as presented in Table 2.1, was not enough to perform weighted least 
squares analysis. Also, because there were few replicates for each genotype, the overall means 
presented in Table 4.9 are very close to the corresponding reported means listed in Table 2.1. 
A conflict that the NLB estimate was higher than the LitSize was detected in the 
Coopworth estimates in Table 4.9. This was because the LitSize estimate was based on two 
records but the NLB estimate on just one (Table 2.1). More studies on reproduction traits are 
needed to solve these sorts of conflicts and produce better results. 
74 
Table 4.9 Overall least squares means and standard errors of ewe 
reproduction traits * 
Genotype LitSize NLB 
Romney 
Coopworth 
ClassNZ ClassNZ ClassNZ 
1.53±0.07 1.38±0.03 1.15±0.02 
1.89±0.04 1.98±0.07 1.55±0.09 
NLW 
Class 5 Class 7 
1.11±0.02 1.17±0.02 
1.55±0.08 
Merino 
SFMer 
1.1O±0.31 0.91±0.08 0.98±0.07 0.76±0.12 
Border Leicester 
Cheviot 
BordRom 
CoopRom 
EFCoop 
HFWRom 
MerinoRom 
TexRom 
MeanSEDl 
1. 17±0.45 
1.58±0.45 
1.48±0.45 
1.70±0.07 
1.70±0.07 
2.65±0.15 
1.1O±0.45 
0.41 
1. 19±0. 13 
1. 14±0. 13 
1.59±0.03 1.38±0.03 
1. 55±0. 03 1. 29±0.03 
2.17±0.09 
1.43±0.02 1.17±0.02 
1. 17±0.09 
0.01 0.11 
1: Average standard error of difference 
1. 19±0. 12 
1. 14±0.12 
1.38±0.02 
1. 29±0.02 
2.17±0.08 
1. 17±0.02 
1. 17±0.07 
0.07 0.12 
*: Trait units in the table are lamb; Cells were left blank where no information was available 
4.3.2.2.4 Hogget wool traits 
Hogget wool trait results are displayed in Table 4.10. Results of genotypes resulting 
from the Suffolk and Oxford Down crosses were removed to reduce the size of the table. 
However, this table still ended up two pages long, indicating the relatively large body of data 
for hogget wool traits. Approximately 46% of the collated NZ information in the sheep 
crossbreeding database was for hogget wool traits (Wei et al. 2001). 
Estimates of Bulk that are higher than 28 cm3jg are in bold in Table 4.10. These results 
again confirmed the wool bulk superiority in Poll Dorset, Texel, Merino and their derived 
genotypes. In Class 7, a high Bulk estimate was found in the EFs but not in their resultant 
crossbred genotypes. The genotypes that had high Bulk estimates also had high curvature 
estimates except for the EF, indicating that a high correlation is likely to exist between these 
two traits. All of the Texel crossbred genotypes in the three farm classes in Table 4.10 showed 
higher Bulk estimates than the local dam breeds, ie, the Romney, Merino and Coopworth, but 
the Poll Dorset x Romney had a similar estimate for Bulk as the Romneys. Differences in the 
estimates of Bulk could be seen in a number of genotypes across farm classes but these 
differences were small. 
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T hI 4100 a e . vera III t eas squares means an d tand d s ar errors 0 fh ogge t woo It ·t * ral S 
Genotype Bulk (cm3/g) Curv FDIAM12 (/Lm) FW121 (kg) Yield (%) FDCV StLgth2 
ClassNZ Class 5 Class 7 ClassNZ ClassNZ Class S Class 7 ClassNZ Class S ClassNZ Class S ClassNZ ClassNZ 
Romney 22.2±O.3 21.0±O.1 23.1±O.6 45.9±1.4 35.0±O.4 33.4±O.1 34.4±O.6 3.22±O.O8 3.43±O.O2 76.6±2.1 74.8±O.1 22.2±O.3 13.9±O.4 
Coopworth 22.1±2.4 23.7±2.2 41.0±2.9 35.2±1.8 34.5±2.0 3.24±O.45 73.8±O.2 2S.6±1.2 12.1±O.7 
Perendale 26.2±l.O 65.1±4.9 31.4±1.7 23.4±2.7 1O.7±1.3 
Merino 27.2±1.2 25.6±l.O 100.6±2.2 18.9±1.1 20.9±O.8 3.52±O.90 3.65±O.30 70.7±5.9 73.3±O.8 8.0±O.6 
Corriedale 66.4±2.9 26.8±O.7 69.7±3.8 21.5±O.4 
EF 27.2±1.4 28.9±1.2 58.5±7.9 30.2±1.7 28.4±1.9 2.76±1.80 78.6±5.4 25.6±1.9 
Texel 30.3±2.3 89.0±17.1 31.8±3.5 2.39±O.99 77.6±8.2 24.2±4.6 1O.7±O.8 
Finn 22.4±2.2 63.4±5.2 22.S±1.3 19.1±2.3 72.8±10.0 11.2±4.2 
Poll Dorset 32.7±2.0 101.0±14.6 31.5±3.0 2.30±O.84 70.0±6.6 21.5±4.6 8.0±O.7 
BordMerino 25.9±1.5 27.3±1.8 4.04±O.96 71.7±6.S 
BordRom 21.2±O.5 20.0±O.2 22.0±3.8 37.1±O.9 35.6±O.1 36.5±6.1 3.66±O.15 3.87±O.O2 77.4±3.2 75.5±O.1 
Coop(EFCoop) 2.74±2.98 
CoopRom 22.1±O.5 20.9±O.2 39.1±22.0 36.2±O.9 34.7±O.1 3.67±O.15 3.88±O.O2 75.5±3.2 73.7±O.1 22.1±4.6 14.1±O.8 
EF(EF(EFRom)) 59.1±12.2 27.8±4.6 26.3±2.9 
EF(EFCorr) 30.7±3.3 76.5±8.8 22.0±2.3 
EF(EFRom) 51.9±4.7 29.4±1.9 2S.3±1.1 
EF(FinRom) 43.6±22.0 30.7±5.1 79.4±19.1 22.5±4.6 
EFCoop 2.7S±2.1S 
(EFCoop )Coop 44.7±2.9 35.2±2.8 2.74±2.03 2S.2±1.2 
EFCorr 30.5±1.6 4.26±O.53 75.3±5.2 23.0±1.l 
(EFCorr)Corr 70.6±2.9 28.1±1.0 3.54±O.75 70.9±7.1 22.0±O.7 
EFRom 22.9±3.8 24.0±3.8 57.8±3.6 3 l.5± 1. 8 29.6±1.7 2.33±2.97 85.2±18.9 22.3±1.l 
(EFRom)Rom 48.7±3.1 34.0±3.0 3.64±O.53 24.2±1.2 
Finn(BordRom) 22.3±l.O 64.7±7.0 27.2±2.8 
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(Table 4 10 continued) . 
Genotype Bulk (cm3/g) Curv FDIAM12 (/Lm) FW121 (kg) Yield (%) 
ClassNZ Class 5 Class 7 ClassNZ ClassNZ Class 5 Class 7 ClassNZ Class 5 ClassNZ Class 5 
Finn(RomCoop) 62.3±22.0 2S.4±4.0 23.1±3.4 75.4±6.5 
FinnCorr 62.3±8.5 2S.1±1.7 
FinnMerino 31.S±2.8 94.2±13.1 21.9±2.8 
FinnRom 22.0±3.9 22.8±2.1 47.3±7.0 27.S±1.1 28.7±O.3 24.9±1.6 1.98±O.S1 2. 07±0. 09 75.4±2.5 78.9±0.2 
(FinnRom)Rom 42.3±22.0 79.5±19.1 
FinnRomF2 58.8±lOA 24.8±3.1 22.S±2.7 76.3±19.1 
HFWRom 22.5±1.0 23.6±0.9 52.5±7.7 34.2±1.2 35.4±1.0 3.39±0.32 78.0±2.7 
MerinoRom 26.9±2.7 25.7±1.0 76.0±2.7 23.7±1.1 27.1±O.8 3.84±2.10 4.05±0.30 75.6±13.5 73.8±0.8 
(PDEF)Corr 69.6±7.2 28.3±1.3 
PDMerino 31.4±1.S 2S.4±1.8 3.24±0.96 66.6±6.S 
PDRom 22.7±1.5 61.7±4.9 30.3±1.2 
(pDRom) (TexRom) 31.4±1.8 32.S±1.8 73.4±9.3 32.2±3.1 33A±2.5 2.94±0.60 7 1.2±5. I 
RomCoop 35.1±1.9 36.4±OA 3.18±0.65 3.27±0.1l 74.2±3.6 78.0±0.3 
SFMerRom 23.3±2.0 
(SFMerRom)Rom 23.8±0.7 30.1±0.9 2.94±O.20 74.9±2.8 
(SFMerRom)SFMer 20.3±0.6 
Tex(TexRom) 28.2±1.8 29.3±1.8 70.7±10.8 32A±2.5 32.8±2.1 2.40±O.S3 74.2±5.0 
TexCoop 25.9±1.7 26.8±2.1 27 A±1.5 34.1±1.2 36.5±0.3 32.7±1.3 2.72±O.39 2.78±O.09 77A±2.1 82.0±0.2 
TexMerino 30.1±1.S 26.1±1.8 3.54±0.96 70.0±6.S 
TexPD 30.8±2.6 32.3±2.3 32.7±2.3 32.5±2.0 2.04±O.76 76.3±5.7 
TexRom 26.8±0.8 28.0±0.7 62.5±5.8 32.0±0.8 32.3±0.7 3.13±0.26 74.1±2.0 
(TexRom)Rom 25.3±0.9 26A±0.9 61.2±3.9 32.3±1.4 33.5±1.1 3.17±0.60 71.1±2.9 
TexRomF2 28.9±1.8 30.0±1.8 73.7±9.7 32.3±3.1 33.5±2.5 3.03±0.60 69.1±3.9 
MeanSED3 2.7 1.9 2.8 13.2 3.0 0.6 3.0 1.41 0.19 10.5 0.5 
*: Units for Curv, FDCV and StLgth are degree/nun, % and cm respectIvely; Cells were left blank where no mformatlOn was avaIlable 
1 and 2: Adjusted to 240 days of growth; 3: Average standard error of difference 
FDCV StLgth2 
ClassNZ ClassNZ 
1O.2±0.7 
23.6±4.6 
24.3±1.1 
27.4±2.1 
22.7±0.5 
24.7±0.6 
9.9±0.8 
1O.3±0.8 
3.2 1.6 
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Estimates of mean fibre diameter that are lower than 30 /lm are in bold in column 
FDIAM12 in Table 4.10. These estimates were generally from genotypes of Super Fine 
Merino, Merino, Finn, Corriedale, EF and their crossbreds. The Texel and Poll Dorset had 
similar fibre diameter estimates, which were smaller than their counterparts presented in Table 
2.4. These two breeds and their crossbred genotypes all had lower FDIAM estimates than the 
Romneys, which is consistent with the data in Table 2.4. 
FW12 estimates lower than 3.0 kg are in bold in Table 4.10. These results agreed with 
the findings that the lighter fleece weights were seen in the first crossbred progeny resulting 
from the Finn, EF, Texel or Poll Dorset crossed with the Romney, Coopworth and Perendale 
(Morris et ai. 1996b; Newman and Paterson 1991; WUliji et ai. 1990). Some Romney dams of 
the Texel and Romney crosses were actually from HFWRom flocks so the FW12 estimates of 
these crosses exceeded 3.0 kg except for the Tex(TexRom) (Table 2.4). 
The low estimates of Yield were mainly associated with the Corrie dale, the Merino and 
their crossbred genotypes, that also generally had relatively smaller fibre diameter and higher 
fleece weight (Table 4.10). Relatively low Yield estimates were also observed in the Poll 
Dorset, TexRom, TexRomF2 and (PDRom)(TexRom). 
The FDCV estimates were relatively consistent among different genotypes. The EF, 
Coopworth and some of their crosses had relatively higher estimates as displayed in bold (Table 
4.10). The SFMerRom had the highest FDCV estimate in this group. This might have been 
because of the large difference between the fibre diameter of the parent breeds. However, when 
the SFMerRom was back crossed to either the Romney or the SFMer, variation in fibre 
diameters in those backcross progeny decreased compared to that in the SFMerRom. 
Significant differences in mean staple length among the available genotypes were found 
(Table 4.10). The Romney, Coopworth and CoopRom had the greatest estimates whereas the 
Merino, Poll Dorset had the lowest. All the staple length estimates were higher than the 
minimum requirement for wool processing of 7.0 cm. 
4.3.2.2.5 Ewe wool traits 
The results of ewe wool traits are displayed in Table 4.11 where the number of 
genotypes involved is much less than that in Table 4.10. 
In summary of the available results, the Texel, Merino, SFMer and Perendale had bulk 
estimates higher than 28.0 cm3/g. The Texel crossbred had relatively lower Bulk estimates than 
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Table 4.11 Overall least squares means and standard errors of ewe wool traits* 
Genotype EBulk ECurv EFDIAM EFW121 EYield EBrightness ECOLM EStLgth2 
(cm3/g) e/mm) (/tm) (kg) (%) (Y) (Y-Z) (em) 
ClassNZ Class 5 ClassNZ Class 6 ClassNZ ClassNZ Class 5 Class 7 ClassNZ ClassNZ ClassNZ ClassNZ 
Romney 19.9±1.5 19.3±O.5 42.6±1.7 39.5±1.3 35.8±O.4 3.96±O.14 5.0S±O.10 3.82±O.12 78.7±O.5 62.6±O.9 4.5±O.3 15.8±0.6 
Perendale 
Merino 
Corriedale 
EF 
28.3±2.7 
31.8±O.5 
25.1±2.2 72.7±2.S 72.7±1.1 
27.6±4.8 66.2±8.7 66.2±3.9 
21.7±O.8 
Texel 
Finn 
30.0±1.8 30.8±O.5 71.3±3.7 71.3±1.636.0±0.4 
21.4±1.5 21.4±0.4 
Border Leicester 
EFCorr 
(EFCorr)Corr 
EFRom 
(EFRom)Rom 
FinnRom 
HFWRom 
MerinoRom 
SFMer 
25.7±2.2 
25.9±3.6 
21.5±2.0 
29.7±O.3 
SFMerRom 
SFMer(SFMerRom) 
(SFMerRom)Rom 22.7±2.7 
TexCorr 
Tex(TexCorr) 
Tex(Tex(TexCorr)) 
MeanSED3 
27.3±4.0 
27.0±4.8 
27.6±4.0 
4.4 
62.4±2.3 62.4±l.O 
62.5±6.0 62.5±2.7 
43.4±2.7 43.4±1.2 
41.6±2.9 41.6±1.3 
56.6±1.9 
69.3±3.9 69.3±1.7 
70.8±S.6 70.8±2.5 
67.5±3.5 67.5±1.6 
1.0 5.6 2.7 
26.3±0.4 
27.4±O.8 
19.8±O.8 
2S.3±O.8 
20.3±O.8 
0.9 
3.45±O.94 
3.88±1.54 4.88±O.50 4.00±1.86 78.1±28.5 
3.00±O.51 3.00±O.12 
2.40±O.29 2.40±O.07 
3.61±2.32 
3.27±0.36 
4.61±O.15 
4.32±1.54 5.35±O.43 
3.64±2.52 4.67±O.64 
3.88±1.51 4.91±O.43 
3.36±1.64 4.39±O.45 
1.86 0.47 
77.7±5.1 64.2±2.2 
77.8±13.4 63.8±6.0 
76.7±0.6 62.5±2.4 
75.0±0.4 59.8±1.6 
3.61±1.86 
81.5±5.0 63.6±2.1 
81.1±9.3 63.2±4.2 
75.6±12.8 
77.1±7.0 64.4±2.4 
4.61±O.12 63.0±1.1 
78.4±28.5 
71.4±19.0 62.2±7.0 
77.3±9.3 66.0±3.8 
79.9±6.3 66.0±4.6 
80.3±7.0 64.5±3.0 
1.68 16.4 
1. 1 ±O.2 
4.0±O.9 
4.3±2.8 
4.2±0.6 
2.3±0.3 
4.6±1.0 
4.3±1.9 
4.7±1.2 
5.3±0.4 
3.2±2.5 
O.6±O.1 
5.8±1.7 
3.9±1.0 
3.4±1.0 
4.0±0.8 
5.0 1.8 
7.9±2.0 
11.3±1.1 
12.8±0.6 
13.9±0.8 
15.1±0.8 
11.6±5.2 
7.6±O.9 
9.8±6.7 
3.4 
1 and L: Adjusted to 360 days of growth, . Average standard error of difference *: Cells were left blank where no mformatlon was available 
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that first group but all higher than 27.0 cm3/g. The Corriedale, Texel and their crosses had the 
highest curvature estimates. The SFMer, Merino and Finn derived genotypes had fibre diameter 
estimates that were lower than 30 Jlm. These findings of breed characteristics were similar to 
those discussed in Sections 4.3.2.2.4 and 2.3.4. 
The Finn and Texel had lowest estimates in greasy fleece weight whereas the HFW 
Romney and MerinoRom had the highest estimate in this trait in ClassNZ. It was noticed that 
the EFW12 estimates in Class 5 were generally higher than their counterparts in ClassNZ by 1.0 
kg except for those of Texel and Finn, implying bias in the estimates in ClassNZ because such a 
big difference for a same particular genotype is unlikely to be true in terms of biological 
consequence. This will be discussed further in Section 4.4.1. 
The (SFMerRom)Rom was found to have the lowest estimate of washing yield among 
the available genotypes in Table 4.11. This genotype also had the highest ECOLM estimate 
among the available genotypes. These were in agreement with the original study (Everett-
Hincks et ai. 1998). However, the estimates of ECOLM in the purebred superfine Merino and 
Merino were the lowest among the available genotypes, showing that they tended to have 
exceptionally good colour (Francis et ai. 2000; Reid 1993; Reid and Botica 1995). 
The Finn was found to have the lowest estimate of wool brightness among the available 
genotypes. The remaining genotypes had similar estimates for this trait. The lowest estimates 
of staple length were found in the superfine Merino, Merino and (SFMerRom)Rom but were all 
above 7.0 cm, which should be sufficient for processing in the textile industry. 
4.4 Further discussion of meta-analyses 
4.4.1 Implications of the meta-analyses 
The analyses performed in this chapter showed that weighted least squares method, as a 
commonly used meta-analysis approach, was suitable to fulfil the tasks of merging results from 
different studies to produce overall means for different genotypes for the following reasons: 
• The generalised estimates of the overaiI breed-trait means in different 
environments were produced. 
• Necessary statistical analyses in order to evaluate the model itself and 
quantitatively compare different genotypes were incorporated. 
• Appropriate weights to the input data according to their quality were applied. 
• Published results were adjusted with different measurement levels, eg, different 
weaning ages, on to the same level through the analyses of covariance 
• Conflicts existed in the published literature such as the NLB results (Section 
4.3.2.2.3) were detected and their impact was minimized by the analyses. 
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• Research areas that need future studies (Section 4.3) were identified. 
However, because of the limitation caused by insufficient replicates within most 
genotype groups and locations and the few accountable factors that could be used to remove 
environmental effects, these analyses are only preliminary studies. There remains considerable 
need for improvement in future studies on this topic. Data deficiencies were the major barrier to 
improving the quality of the results of the analyses in many cases. This has been seen on three 
levels as follows: 
1. On each of the selected farm classes, namely 5, 6 and 7, analyses were unable 
to be performed for a number of traits (Table 4.6). Consequently, it was 
impossible to compare the performance of genotypes across these classes and to 
estimate crossbreeding effects for these traits within the classes. 
2. For many traits, eg, LitSize, NLB and NLW, only a few genotypes were 
covered in the analyses. The deficiency of information in other genotypes will 
cause difficulties in estimating crossbreeding effects when they are required in 
different crossbreeding combinations. 
3. For many available genotypes, especially the further crossbred genotypes 
resulting from crossbred sires or dams, only one or two replicates were 
available. The estimated results for these genotypes were adjusted with respect 
to the concurrent factor levels in the weighted least squares models and were 
appropriate as the predictions from the data in the model rather than as forecasts 
for new observations. In other words, the estimates of overall means may 
change if more replicates become available. This has been discussed in 
Sections 4.3.2.2.1 and 4.3.2.2.5. 
Using NZ Farm Classes as the NZ farming environmental identifiers remains an open 
question. The farm classes defined and used by the NZ Meat and Wool Service were associated 
primarily with topography, soil type, management style and regional location (Brian Speirs, pers 
comm). These classifications have been successfully used in NZ Sheep and Beef Farm Surveys 
for years. The following factors are generally considered when mapping farms with farm 
classes: the topography of the farms (pasture growth), management profiles (buy in and trade 
stock), stock performance (genetic potential in animals and production), proportion of sheep and 
cattle, and farm size. 
From the genetic viewpoint, however, farm classes are likely to be less than perfect 
environmental identifiers, considering the flock migration across classes through purchase, 
different breeding strategies used on different farms and the variation in the locations of the 
first-tier stud farms and the potential for genotype by environmental interactions. Generally, it 
is difficult to be sure if the average performance for a genotype in one class is higher or lower 
than that in other classes is real without further intensive studies. However, assuming that these 
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effects are relatively small, then the generalised means produced by the meta-analyses would be 
useful in a DSS for crossbreeding in the sheep industry. Farm classes and the meta-analysis 
results were therefore used for further analyses of crossbreeding effects in the following 
chapters. 
Dropping some factors from the statistical models when their associated information 
was not available (Sections 4.2.5 and 4.2.6) might have caused a bias in comparisons with other 
analyses where these factors were included because the final least squares means were likely to 
have been adjusted using their marginal weights in the analyses. In fact, this problem possibly 
existed in most collated literature data because different statistical methodology and models had 
possibly been used in different studies. When data from different studies were merged, these 
kinds of biases might have been carried through to the overall means. Unfortunately, these were 
unable to be dealt with in this study. 
An arbitrary decision was made to use the marginal weights of Year effects in the 
predictions of the overall means and standard errors from the models where this factor was 
available. It was recognised that this could cause bias in the calculation of trait overall means 
and standard errors across farm classes because the marginal weights differed in different 
models. Other choices could have been taken, such as linearly adjusting all the means to a 
constant year (eg, to the 1990 level) or simply ignoring this factor in the calculation. However, 
these are also arbitrary and would not have avoided bias in the predictions because the input 
data were reported over a period of around 30 years. It would have been better to have analysed 
these data separately in different year groups if the factor of year was significant. However, this 
was not practical because of the lack of data of adequate quality. 
lISE? was used as the weight for the ith input mean in the current weighting policy 
(Section 4.2.6). Theoretically lISEj2 represents the inverse of sample variance of the 
corresponding prediction and consequently was the most appropriate choice in the weighted 
least squares analysis (Koots et ai. 1994a; Koots et ai. 1994b). This policy worked well for 
most of the analyses performed in this chapter. However, a problem occurred in the EFW12 
models where 6 predictions produced from the Class 5'model were about 1.0 kg higher than 
their counterparts from the ClassNZ model (Section 4.3.2.2.5). 
A comparison of the input data between the two models and further analyses were 
consequently performed to locate the problem. It was found that the relatively low EFW12 
mean of the Romney (3.82 kg), that was only available in the ClassNZ model, was the main 
difference. This Romney mean, reported by Wuliji et ai.(1999), happened to have the lowest 
standard error of 0.03 associated in the model, and consequently had the highest weight(lISE j2) 
of 2500.00 in the group, whereas the highest weight for Romney in Class 5 model was only 
204.00 associated with a mean of 4.90 kg. Since the Romney was used as the reference 
genotype in both models, the results in the ClassNZ model were consequently scaled down. 
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When this Romney data set was added to the Class 5 model for a test, similar results were 
produced to those produced from the ClassNZ model. 
Animal age could have caused a bias in the overall means of the reproduction and ewe 
wool traits because the age of adult ewes was not reported in many studies. For the same 
reason, other factors that may have significantly affected the overall means were also ignored in 
the analyses presented in this chapter. Such factors might include number of sires used in the 
trial, the relationship between animals, and the birth/rearing rank. 
Other possible biases may have come from the conversion of different sampling error 
terms, and the use of the maximum estimate of standard error for those missing instead of true 
ones as described in Section 4.2.3 and Appendix 1. Some approximation was unavoidable 
although the most conservative approaches were taken in the conversion processes. Replacing 
the missing standard error estimates with the maximum estimate in the group was deliberately 
conservative and ensured that the precision of estimates with missing standard errors would not 
be over stated. An alternative policy of using the pooled standard error within a group to 
replace the missing ones could have been applied in order to increase the weights for those 
means and compare with the existing policy. This is suggested in further meta-analyses. Since 
only SE was considered in the current weighting policy, any bias in the sampling error terms 
was likely to be amplified in predictions of the overall means and associated standard errors. 
Adjustments made to a number of traits such as EMA, GR, FW12 could have also 
caused bias because a linear pattern was assumed. Linear growth patterns are not normally 
found in animals. However, for periods of growth of sufficiently short duration (eg, 5 days), 
sections of these growth curves approach linearity. The linear correction of traits recorded at 
slightly different ages undoubtedly introduced some error but the magnitude of this error was 
likely to have been small in most cases. For some genotypes such as the Merino and Merino 
crosses, adjusting the EMA and GR to 19.5 kg carcass weight might have not been appropriate 
because their progeny do not have the genetic potential to grow fast enough to reach this 
standard in 300 days. However, a linear approximation was made here because it was a simple 
solution to the problem and no strong case was found for any curvilinear approach in terms of 
NZ sheep crossbreeding literature. 
The possible biases caused by using the marginal weights of year effects and the 
extremely high weights for certain input means (the EFW12 example above) can be removed to 
the large extent when sufficient data with good quality become available for analyses. Ideally 
data from every NZ farm class should have been analysed by the same model so that the fixed 
factor effects, interactions between factors and covariance could have been calculated more 
precisely. However, data biases could not be eliminated unless the offending data were dropped 
from the analyses. This option was not chosen owing to the scarcity of available data. 
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4.4.2 Utility of the meta-analysis results 
The meta-analyses presented in this chapter provided the 'best' estimates for the overall 
trait effect sizes for the limited amount of data and information available. These overall means 
can therefore be used to analyse crossbreeding effects, which will be specifically covered in 
Chapter 5. They may also be used as the primary guidelines to describe the performance of 
different genotypes on different farm class levels in NZ. However, care must be taken when 
utilising these summary results considering the possible biases and the limited replicates in 
many genotypes and farm classes. It is strongly suggested that new local data should be 
continually incorporated into the database and used to correct the possible biases and increase 
the quality of the estimations of the overall means. 
The overall means resulting from the analyses that were specifically performed for the 
local farm classes namely Classes 5, 6 and 7, should have better accuracy than those from the 
analyses for the combined NZ class, where all NZ data were used. It is therefore suggested to 
use the local overall means in the following studies as much as possible. However, it must be 
appreciated that, since the generalised means for specific farm classes were derived from fewer 
estimates than those for ClassNZ, they were invariably less precise. Unfortunately, because 
many genotypes do not have estimates available in the local classes, the summary means from 
ClassNZ will have to be utilised in many cases. When this happens, environmental adjustment 
factors applied to the summary means before use in a local class can be considered to be a 
temporary solution (Cottle and Reid, pers comm). This will be further discussed in Chapter 7. 
84 
Chapter 5 
Estimation of the crossbreeding effects 
5.1 Introduction 
Estimation of crossbreeding effects (also called parameters in this chapter) is crucial in 
order to predict untested crossbreeding programs (Section 2.14), and consequently, one of the 
key parts of the DSS development. Therefore the first objective of this chapter is to estimate 
crossbreeding effects for various breed combinations available in the NZ sheep industry, where 
possible, using the generalised means produced from the meta-analyses performed in Chapter 4. 
Ideally, for a certain trait in the study, prediction of the performance of untested 
crossbred genotypes should be undertaken simultaneously with the estimation of crossbreeding 
effects. This is because the relative sizes of these effects depend on a particular crossbreeding 
program, which includes the specific breed combination, the performance of each breed within 
the combination, the input information for compiling the variance and covariance matrix, and 
the number of parameters that could be estimated (Wolf et al. 1995). Unfortunately, the 
existing information is generally insufficient to estimate crossbreeding parameters satisfactorily 
in order to yield sensible predictions of the performance for untested crossbred genotypes 
(Section 2.4). Therefore, the whole process, combining estimation of crossbreeding parameter 
and prediction of untested performance, will have to be treated separately at this stage in order 
to solve the DSS problem. 
Consequently, the second objective of this chapter is to study the nature and sizes of the 
estimates of crossbreeding effects, particularly the direct and maternal heterosis, in order to 
assist in defining their corresponding distribution functions and algorithms that will be used in a 
simulation study in Chapter 6. 
5.2 Material and methods 
5.2.1 Input data 
The generalised trait means and standard errors for each genotype available, produced 
from the meta-analyses in Chapter 4 covering farm classes 5, 6, 7 and ClassNZ, are the major 
input data for estimating the crossbreeding effects. The genetic relationships among genotypes 
within a crossbreeding combination, which will be used to form a relationship matrix, are also 
input data for the estimation processes. 
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5.2.2 Genetic model 
A number of genetic models have been defined for estimating crossbreeding effects, 
among which the major difference is the complexity in calculating epistatic effects (Section 
2.14.2) (Wolf et at. 1995). Given the data deficiency in estimating crossbreeding effects in the 
DSS research (Wei et at. 2001), and considering that many of these models are interchangeable 
when the additive x additive epistatic effect only is considered, Modell of Kinghorn's models 
was chosen to perform the analyses in this chapter (Kinghorn 1987b; Kinghorn and Vercoe 
1989; Wolf et at. 1995). 
According to Wolf (1996), assuming that genetic group G is derived from p source 
populations by crossbreeding and/or purebreeding, the notation of Model 1 of Kinghorn (1987b) 
(Kinghorn Model hereafter) in the situations where three or more pure breeds are involved is as 
follows: 
G=m+ L,aiai + L,Oijdij +(1- L,a/)e 
i kj i 
(Equation 5.1) 
where: 
G mean value of the genetic group G under consideration 
m general mean (a reference value whose interpretation depends on the 
model used) 
ai proportion of genes in G from the i
th 
source population ( L, ai = 1) 
a i additive effect of the i
th 
source population 
o ij probability that at a randomly chosen locus of a randomly chosen 
individual from G, one allele is from the ith (ith) and the other allele from 
the t (ith) source population where L, Oij = 1 
i~j 
d ij dominance effect of the combination of the ith and the jth source 
population 
e epistatic effect stands for additive x additive interaction where one allele 
is from the ith and the other allele from the t source population in the 
given genetic group 
The two sets of coefficients are related in that (Wolf et at. 1995): 
a;=8;j+~~8ij,j*i 
J 
Equation 5.1 works under the following condition (Wolf et at. 1995): 
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In the situations where only two pure breeds are involved, the notation of Kinghorn 
Model can be simplified as (Wolf 1996): 
G=m+(a1 -a2)a+012d+2ala2e 
(Equation 5.2) 
different symbols usedfrom those in Equation 5.1 are explained below: 
a additive effect 
d dominance effect 
Conditions 1 and 2 are still applied to Equation 5.2 but Condition 3 does not because 
only one additive parameter is estimated. 
The Kinghorn Model can be easily extended to include maternal, paternal, 
grandmaternal and cytoplasmatic effects in the model (Wolf 1996). Let a:.M (al, a:.GM) be the 
proportion of genes from the ith source in the dam (sire, granddam) population and or (ol, 
Oij GM) the proportion of genotypes with the alleles from parents from sources i and j in the dam 
(sire, ganddam) population. The general form of Kinghorn Model in full for both cases is: 
G = m+Go +GM +Gp +GGM +yjcj 
(Equation 5.3) 
different symbols usedfrom those in Equation 5.1 are explained below: 
Go the right hand side of either Equation 5.1 or 5.2 without m 
GM part of the corresponding equation containing the maternal effects 
Gp part of the corresponding equation containing the paternal effects 
GGM part of the corresponding equation containing the grandmaternal effects 
Yi coefficient of the cytoplasmatic effect 
Ci cytoplasmatic effect of the ith source population 
GM, Gp and GGM have the same form as Go, but all coefficients and all effects 
have the superscipt M, P or GM, respectively. The coefficient for cytoplasmatic 
effect is one, if the t h source population is the dam. Otherwise this coefficient 
is zero. 
5.2.3 Method of estimation 
The weighted least squares method was used to. perform the analyses in this chapter 
gi ven that the standard errors of the means are the measurements of sample variance. The 
statistical model notation, quoted from Wolf (1996), is as follows: 
y = Xb+e, var(y) =V (Model 5.1) 
where: 
y 
X 
b 
e 
vector of genetic group means 
incidence matrix (also called design matrix or pedigree matrix) 
vector of genetic parameters 
vector of residual effects 
var(y) covariance matrix of y 
V a diagonal matrix with variances of the genetic group means on the main 
diagonal 
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The estimate of b calculated with the method of weighted least squares was given by 
b = (X 'V-I X)-I X V-I Y 
(Equation 5.4) 
with the covariance matrix of the estimator of b being 
(Equation 5.5) 
The goodness of fit of the model was tested with the X2 -test. The test statistic is: 
X2 = (y - y)'V-I(y - y) 
(Equation 5.6) 
This statistic was tested against the critical value X2(a, n-r), where a is the significance 
level (5% or 1 % respectively), n is the total number of genetic groups, and r is the rank of the 
matrix X standing for the number of independent genetic parameters. 
5.2.4 Software used to estimate crossbreeding effects 
A program package named Crossbreeding Effects (eBE), available on the internet at 
http://www.boku.ac.atinuwi/software/softcbe.htm. was specifically developed for the estimation of 
crossbreeding effects based on a number of comprehensive studies on modelling animal 
crossbreeding (Kinghorn 1987b; Koch et al. 1985; Komender 1988; Wolf 1996; Wolf et al. 
1995; Wolf et al. 1991). The eBE package is able to handle analyses of crossbreeding plans 
from single to full/partial diallel crosses with the capacity to allow any number of source (pure 
breed) populations to be involved in the plans. eBE can estimate maternal, paternal, 
grandmaternal and cytoplasmic effects if the appropriate genotypes are available, with emphasis 
on analysing epistatic effects using up to 18 different genetic models. The package was written 
in Q-Basic computer language. 
Although eBE is fully menu driven and capable of performing the analyses described 
below, it is not easy to be used here for three main reasons. First, data for each crossbreeding 
analysis have to be entered through a keyboard. This is' adequate for a few analyses but 
appeared to be inefficient when a large number of crossbreeding plans are analysed. For 
example, there are 136 plans to be analysed covering all two-breed combinations for just one 
trait on one farm class level in this project where 17 pure breeds were involved. A mechanism 
that can read input data and form data structure automatically needs to be implemented in a new 
program in order to perform a large number of crossbreeding analyses. 
Secondly, eBE writes analysis results to a text file that is overwritten in each 
succeeding run of the program. When many analyses are performed simultaneously, it is very 
difficult to keep extracting the results from the text file and storing them in a modem file format 
88 
(eg, Microsoft Excel) for further analyses, such as defining parameter distribution functions. 
Therefore, modification of the eBE output mechanism is needed to match the need in the thesis. 
The third reason is that eBE is not compatible with other DSS tools, such as the sheep 
crossbreeding database and the DSS software system which were developed under the 
Microsoft Windows environment. Therefore, a new program, called HeterosisEstimator, was 
developed by the author based on the eBE source code provided by the author of eBE, in order 
to solve the problems mentioned above and to integrate the DSS software. HeterosisEstimator 
was written in computer languages of Visual Basic and Visual Basic for Application and 
implemented as an event-driven program with Microsoft Excel being automated (Halvorson 
1998; Walkenbach 1999). Unlike eBE, only the Kinghorn Model was implemented in 
HeterosisEstimator in order to simplify the implementation. Other genetic models can be added 
on to HeterosisEstimator if they are needed in the future. 
When HeterosisEstimator is running, users can easily initialise a process or multiple 
processes of estimation by selecting a few parameters such as farm class, trait, and relevant 
breeds interested and click a button to run the model. The results can be written to a text file for 
viewing or an Excel worksheet for further analysis. 
HeterosisEstimator has been tested intensively against eBE using the data produced in 
Chapter 4 and appeared to be robust in terms of the similar results produced. It was therefore 
used in this chapter. The full description of HeterosisEstimator and a brief user manual can be 
found in Appendix 3. However, it should be noted that further modification is needed to 
improve the program before its incorporation into the DSS can be considered. This was 
discussed in Section 5.4.2 and Appendix 3. 
5.3 Results 
Analyses were performed with HeterosisEstimator on three groups: two, three and four 
pure breed crossing plans. Within each group, available data in one of the four farm classes 
(Section 4.2.6), ie, overall means and associated standard errors, and genetic relationships 
among the input genotypes, were analysed trait by trait. Since there were very few genotypes 
that were derived from four different pure breeds and had records available for analyses, results 
produced for the four-breed plans were almost identical to those for three-breed plans. 
Therefore, the results for four-breed plans were not reported in this chapter. 
Most estimates of heterosis parameters yielded in the analyses of two-breed plans could 
find an equivalent in the results of the three-breed plans in terms of the same reference (same 
breed combination, same trait in same farm class). This was because the data sets used in the 
analyses of two-breed plans were also used in the analyses of three-breed plans. Therefore, 
heterosis estimates Pfoduced from both groups were reported together after Section 5.3.1 where 
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a summary of the analyses performed is reported. The percentages of the corresponding general 
means (Equations 5.1 to 5.3) were also given where necessary. The same trait categories as 
those in Chapters 2 and 4 were adopted in this chapter. 
Significance tests were unable to be performed on the analyses in many cases (Section 
5.2.3) because HeterosisEsimator tried to estimate as many parameters as possible in each 
analysis, consequently resulting in zero degrees of freedom when input data just matched the 
number of estimated genetic parameters. Among the genetic parameters, the general means 
were normally significant (P<0.05), but very few heterosis estimates were detected as being 
significant because their standard error estimates were generally high. 
5.3.1 Summary information from the analyses 
The number of completed analyses and traits cQvered in two- and three-breed 
crossbreeding plans are displayed in Table 5.1. 
Table 5.1 Number of analyses performed successfully and number of traits covered 
in the 2- and 3- breed crossbreeding plans 
ClassNZ Class 5 Class 6 Class 7 Total 
2-breed model 
Analyses completed 159 39 25 18 241 
Traits covered 27 15 10 9 27 
3-breed model 
Analyses completed 725 74 30 73 902 
Traits covered 27 16 7 12 27 
Most of the completed analyses were produced from the mixed ClassNZ farm class 
(Section 4.2.6) in both the two- and three-breed crossbreeding plans. Only small numbers of 
analyses were completed for individual classes 5, 6 and 7 covering fewer traits compared with 
those for ClassNZ. This was mainly because ClassNZ had bigger data resources than the 
detailed classes (Chapter 4). 
The number of analyses completed for the three-breed plans was much higher than the 
two-breed plans but covered similar numbers of traits, because an input data set from a two-
breed plan could be used in a number of analyses of three-breed plans. For example, a data set 
for a Romney x Texel plan could be used for plans formed by Romney, Texel and EF, or 
Romney, Texel and Coopworth, as long as Romney and Texel were involved as members. 
The number of estimates of different crossbreeding parameters produced from the 
analyses of two-breed plans are summarised in Table 5.2. The general mean, direct additive and 
direct dominance parameters needed to be estimated in each completed analysis. Therefore, if 
no dominance (direct or maternal) parameter can be estimated by HeterosisEstimator in a 
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crossbreeding plan analysis because of insufficient information, the plan is considered to be 
unfeasible and consequently no result will be produced. 
Table 5.2 Number of estimates of crossbreeding parameters produced from the 
analyses of 2-breed crossbreeding plans 
General Additive Dominance Additive Dominance Additive Dominance Additive * 
mean direct direct maternal maternal paternal paternal Interaction 
230 230 230 22 12 20 22 6 
*: Interaction between additive direct and additive maternal 
Only a few of the analyses performed for two-breed plans were able to produce 
estimates of maternal and/or paternal parameters due to insufficient input data for further 
crosses, where crossbred genotypes were used as dams or sires (Table 5.2). Very few analyses 
produced estimates of epistatic effects, and in those cases where epistatic estimates were 
possible, the standard errors were large, indicating that the epistatic effects were not suitable to 
include in the analyses. Similar situations occurred with the analyses of the three-breed plans 
where estimates of general mean, direct additive and dominance parameters were still the main 
body of the results. Consequently, the direct dominance estimates are mainly reported in 
Sections 5.3.2 to 5.3.5. The maternal and paternal estimates are reported in Section 5.3.6. 
5.3.2 Reproduction 
In accordance with the small input numbers of genetic means (Table 4.9), only a few 
direct heterosis estimates were produced for ewe reproduction traits (Table 5.3). Some ewe 
hogget LitSize data (not shown in Table 4.9) were also used in the analyses of reproduction 
traits in order to produce as many estimates as possible. 
For LitSize, the Romney x Border Leicester combination yielded the highest positive 
heterosis which was about 9.4% of the general means on average. Negative heterosis estimates 
were observed in Romney x Finn and Romney x Texel combinations, which were about -7.0% 
and -22.5% of the general means respectively. This seemed to be confounded by ewe hogget 
data (data for the Texel, Finn and their Romney crosses were measured as ewe hoggets), which 
should have not been included in the estimation. A very limited LitSize heterosis was observed 
in Romney x Coopworth and Romney x Oxford Down. 
NLB direct heterosis was estimated only for the Romney x Coopworth combination 
(Table 5.3) which was about -7.9% of the general mean. The NLW heterosis estimate for this 
combination was also negative, about -4.2% of the general mean, indicating that from a direct 
heterosis viewpoint, this combination performed poorer than the parental average. Favourable 
NL W direct heterosis was observed for Romney x Border Leicester and Romney x Merino 
combinations (18% and 12% of the general means respectively). 
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Table 5.3 Range of direct heterosis estimates for reproduction traits* 
Breed combination LitSize NLB NLW 
Romney x Border Leicester 0.14 (8) 0.21 (5) 
Romney x Coopworth -0.01 (9) -0.13 (2) -0.06 (6) 
Romney x Finn -0.12 (13) 
Romney x Merino 0.12/0.14 (8) 
Romney x Oxford Down 0.03 (14) 
Romney x Texel -0.32 (13) 
*: 1) Three traits share the same unit as lamb; 2) Before "I" is the minimum, after "I" is 
the maximum; 3) Observation numbers are in brackets; 4) Cells were left blank where no 
estimate was available 
Unfortunately no maternal heterosis on reproduction traits could be estimated from the 
existing NZ data. 
5.3.3 Growth and Carcass 
The direct heterosis estimates for growth and carcass traits are summarised in Table SA. 
Compared to Table 5.2, as more data were available for analysis, more breed 
combinations showed a range of heterosis estimates resulting from different farm classes and/or 
different crossbreeding plans. Estimates within these ranges differed in values and/or direction 
(positive and negative) indicating that a breed combination could perform quite differently in 
different environments or crossbreeding plans. 
Most CarcassWt direct heterosis estimates were positive and ranged from 0.2 to 2.1 kg 
(1.1 % and 12.7% of the associated general means respectively). The relatively high heterosis 
estimates were found in Romney combinations with Corriedale, Drysdale, Poll Dorset and 
Suffolk. Merino crosses (with Perendale or Romney) were likely to show negative direct 
heterosis in this trait. 
Three combinations had EMA direct heterosis estimates ranging from -2.3 cm2 to 004 
cm
2 (-16.1 % to 3.8% of the mean). Romney x Merino had two different heterosis estimates in 
EMA: 004 cm2 in Class 5 and -0.8 cm2 (-6% of the mean) in ClassNZ. For trait GR, only 
Romney x Coopworth was estimated and direct heterosi's ranged from 3.0 to 4.0 mm (7 
estimates, averaged 35% of the mean). 
BWT direct heterosis estimates were only available for two combinations: -0.3 to -0.2 
kg for Romney x Coopworth (11 estimates, averaged -5% of the mean), and 0.6 to 0.9 kg for 
Romney x Texel (8 estimates, averaged 18% of the mean) (Table SA). 
Wide ranges of heterosis estimates were observed for a number of breed combinations 
in both WWT and LW12 (Table SA). An unusual estimate (displayed in bold in Table SA) was 
produced, ie, 11.5 kg in WWT, for Texel x Coopworth, which was very unlikely to actually 
occur in the real world. This kind of unusual estimate happened very rarely in the analyses of 3-
92 
breed plans, when HeterosisBstimator (or CBB) tried to estimate some parameters (eg, additive 
maternal) from inadequate input data (eg, one breed was never crossed as a dam breed). When 
this happened, the weighted least squares model still worked correctly, but the resultant 
heterosis estimates were not valid (as a biological consequence) normally with high associated 
standard errors. This will be further discussed in Section 5.4.2 and Appendix 3. 
Table 5.4 Range of direct heterosis estimates for growth and carcass traits* 
Breed combination CarcassWt EMA WWT LW12 
(kg) (cmz) (kg) (kg) 
Coop worth x Oxford Down 8.9 (11) 
Coop worth x Suffolk -0.6 (1) 
Corriedale x Dorset 0.2 (12) 
Corriedale x EF 0.7/1.0 (12) 
EF x Coop worth -0.3 (1) 
Merino x Border Leicester 3.4 (12) 
Perendale x Merino -1.1 (9) -1.3 (5) -3.110.4 (17) 
Romney x Border Leicester -0.9 (10) 
Romney x Coop worth 0.8 (11) -5.7/4.8 (23) -8.1 (1) 
Romney x Corriedale 0.412.1 (15) 
Romney x Dorset 0.3/1.4 (12) 
Romney x Drysdale 1.8 (8) 
Romney x Finn 3.116.2 (19) -1.0/-0.9 (11) 
Romney x Merino -1.3/1.5 (10) -0.8/0.4 (4) -2.8/0.2 (18) 4.6/4.7 (12) 
Romney x Oxford Down -2.6/0.5 (17) 11.3 (11) 
Romney x Perendale -2.4/1.2 (17) -2.1 (7) 
Romney x Poll Dorset 1.8 (1) 
Romney x SFMer -7.5(1) 
Romney x Suffolk 0.9/1.5 (2) -2.3 (1) 0.2 (1) 6.3 (1) 
Romney x Texel 
-2.119.8 (15) 7.7/9.4 (5) 
Texel x Coop worth 8.1I11.S (11) 1.8 (2) 
Texel x Merino 
-0.5 (10) 6.0 (6) 
*: 1) Before "I" is the minimum, after "I" is the maximum; 2) Observation numbers are in brackets; 
3) Cells were left blank where no estimate was available 
Within a breed combination, farm class was the major factor that caused the heterosis 
estimates to differ. For example, Perendale x Merino showed -3.1 kg direct heterosis in WWT 
(12 estimates, about -14% of the mean) in ClassNZ, but'O.4 kg (5,2%) in Class 5; Romney x 
Coopworth showed 0.2 kg (10,1 %) to 4.8 kg (3, 21 %) in ClassNZ, -5.7 kg (1, -23%) in Class 5, 
and 0.1 kg (8,0.2%) in Class 7. Similarly in LWI2, Romney x Texel showed 9.4 kg (4, 21 %) 
in Class 5 and 7.7 kg (1,17%) in Class 7. 
Different heterosis estimates for a combination within the same farm class were also 
observed across analyses. For example, in ClassNZ, Romney x Coopworth had a WWT direct 
heterosis estimate of 0.2 kg (1 %) in the model of Romney, BF and Coopworth, 4.8 kg (20%) in 
the model of Romney, Texel and Coopworth, and 4.8 kg (24%) in the model of Romney x 
Coopworth. These variations agreed with the crossbreeding theories (Section 2.3.6). 
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Very few analyses were able to estimate maternal or paternal heterosis. For Romney x 
Texel, two WWT estimates of maternal heterosis were produced at -3.9 kg (about -17% of the 
general mean). Three paternal heterosis estimates were produced: Romney x Texel had 0.1 kg 
(2.6%) in BWT and 0.05 kg (0.2%) in WWT; Corriedale x EF had -0.9 kg (-3.4%) in WWT. 
No further maternal/paternal heterosis estimate was produced for the other growth and carcass 
traits listed in Table 5.3. 
5.3.4 Hogget wool 
The direct heterosis estimates for hogget wool traits are summarised in Table 5.5. 
For wool brightness, Texel combinations (with Romney, Poll Dorset, or Coopworth) 
normally had positive heterotic effects which ranged from 0.7 to 7.6 units (up to 12.4% of the 
general mean), with only one exception, a negative estimate that was -0.7 unit (-1 %) for 
Coopworth combination in Class 7. A high negative heterosis estimate was observed for 
Romney x SFMer in this trait indicating that crossbreds resulting from this combination were 
likely to have 20% lower wool brightness than the parental average. 
Although the direct heterosis estimates for COLM were generally small, the percentages 
of the corresponding general means could be quite high (ranging from -67% to over 100%). 
However, as discussed at the end of Section 4.3.1.2, the possible difference that the heterotic 
effects could make to the wool prices seemed not important because the highest absolute value 
of the heterosis estimates displayed in Table 5.5 was only 2.1 units. 
For hogget wool bulk, every Merino combination displayed in Table 5.5 had a positive 
direct heterosis estimate: 6.7 cm3/g with Finn (averaged 26% the general means), 2.2 to 2.4 
cm
3/g with Romney (10%), 1.5 cm3/g with Poll Dorset (5%) and 1.4 cm3/g with Texel (5%). 
This might imply that the Merino had a good general combination ability, i.e. all its FJ's are 
likely to express favourable heterosis, in bulk (Falconer 1989; Rastogi et al. 1982). 
Negative heterosis estimates of the Poll Dorset x Romney combination in hogget wool 
bulk were detected (up to -18.5% of the general means), mainly because the PDRom had a low 
bulk estimate (only 22.7 cm3/g), which was very close t6 the Romney (22.2 cm3/g) but lower 
than the Poll Dorset (32.7 cm3/g) (Table 4.10). Negative and low direct heterosis (-0.7 cm3/g, -
2.5% of the general mean) was also found in Poll Dorset x Texel. 
The Texel x Romney had positive heterosis in bulk which ranged from 1.4% to 25.4% 
of the corresponding general means. Negative heterosis estimates were found in Texel x 
Coopworth but their sizes were small (-2% to -1 %). Negative heterosis estimates were also 
found in other Romney combinations: about -7% with the EF, -6% with Border Leicester, -1 % 
with Finn, and -0.3% with Coopworth. 
For fibre curvature, the highest heterosis estimate was found in Romney x Texel 
combination, ie, 28.3 o/mm (about 47% of the general mean) (Table 5.5). High positive 
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curvature heterosis estimates were also found in combinations of Romney x EF, Corriedale x EF 
and Finn x Merino. The lowest heterosis estimate in this trait was found in EF x Texel 
combination which was -17.5 o/mm (about -24% of the general mean). Negative heterosis 
estimates were also found in combinations of Romney x Finn, Corriedale x Finn and Romney x 
Coopworth. Heterosis estimates of the Corriedale x Finn were positive (about 2.7% of the 
general means) in Class 6 but negative (about -3 to -5%) in ClassNZ. 
In FDIAM12, positive heterosis estimates were found in a number of combinations but 
their sizes were generally small (Table 5.5). The highest estimate was 3.8 !lm (12.6% of the 
general mean) found in Romney x Border Leicester. Negative heterosis estimates were also 
observed in a number of breed combinations. The lowest of them was -8.5 !lm in Romney x 
Finn, which was about -27% of the general mean. The other large negative heterosis estimates 
were found in Romney combinations: -4.0 (-23.4%) to -1.3!lm (-4.0%) with EF, -3.3 (-12%) to 
-O.l!lm (-0.3%) with Merino, -3.0!lm (-10%) with Poll Dorset, -1.7 !lm (-5%) with Texel, and 
-1.3 !lm (-5%) with SFMer. 
Among the positive heterosis estimates for FW12 in Table 5.5, Corriedale x EF had the 
highest direct heterosis estimate of 1.5 kg (up to 55.9% of the general mean). The Romney x 
Texel, Texel x Coopworth, Romney x EF, Romney x Finn, Texel x Merino and Romney x 
Merino combinations also had high FW12 estimates which were 1.2 kg (up to 56% of the 
mean), 1.0 kg (34%),0.9 kg (32%), 0.7 kg (34%), 0.6 kg (21 %) and 0.5 kg (15%) respectively. 
Negative direct heterosis estimates were found in three combinations in FW12. All the 
estimates for EF x Coopworth and Texel x Poll Dorset combinations were negative, covering 
about -17.9% to -12.3% and -12% of the general means respectively. Six out of eight 
estimates for Texel x Coopworth were negative covering about -3% of the means. 
Only the Romney x Coop worth combination showed positive direct heterosis in StLgth 
in Table 5.5, covering 9 to 10% of the general means. The averaged percentages of the 
corresponding general means for the remaining combinations were: -19.8% for Romney x Finn, 
-17.9% for Romney x Texel, -13.9% for R0II11.ley x SFMer and -7.6% for Romney x Merino. 
In Yield, two breed combinations had only negative heterosis estimates: Texel x Merino 
and Poll Dorset x Merino, covering about -5% and -6% of the general means respectively 
(Table 5.5). Four combinations had only positive heterosis estimates: Romney x EF, Romney x 
Border Leicester, Texel x Poll Dorset and Corrie dale x EF, covering about 10%, 4%, 3% and 
1 % of the general means respectively. The remaining combinations in the table had both 
negative and positive estimates. Among these combinations, Romney x Texel had the lowest 
estimate of -13.8 (-18%); Romney x Finn and Texel x Coopworth both had only one negative 
estimate which was -2.0 (-3%) and -6.9 (-9%) respectively; Texel x Coopworth had the highest 
estimate 4.2 (5%). 
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Table 5.5 Range of direct heterosis estimates for hogget wool traits * 
Breed combination Brightness (Y) Bulk (cm3/g) COLM (Y-Z) Curvature (o/mm) FDIAM12 (f.lm) FW12 (kg) StLgth (cm) Yield (%) 
Corriedale x EF 12.4 (1) 1.6/2.0 (6) 1.5 (7) 0.9/1.2 (9) 
Corriedale x Finn -3.8/1.6 (13) 0.4/0.6 (14) 
EF x Coop worth -1.3 (1) 2.5 (1) -0.6/-0.4 (7) 
EF x Texel -17.5/-14.3 (8) 0.2/2.4 (10) 
Finn x Merino 6.7 (10) 12.0/12.2 (9) 1.2 (11) 
Poll Dorset x Merino 1.5 (8) -0.4 (8) 0.2 (11) 
Romney x Border Leicester -1.3 (1) 3.8 (1) 
Romney x Coopworth -0.1 (9) 0.9 (6) -4.4 (5) 0.6/0.9 (11) 
RomneyxEF -2.11-1.8 (14) 3.8/17.6 (5) -4.0/-1.3 (7) 
Romney x Finn -0.3 (9) -6.2/8.4 (17) -8.5/2.4 (19) 
Romney x Merino 2.2/2.4 (9) 1.2/1.4 (9) 2.812.9 (8) -3.3/-0.1 (11) 
Romney x Perendale -0.4 (9) 
Romney x Poll Dorset -4.8 (9) -3.0 (8) 
0.3 (6) 
0.2 (10) 
0.4/0.9 (7) 
0.7 (1) 
0.5 (10) 
1.1 (6) 
-2.3 (6) 
-0.8 (2) 
Romney x SFMer -12.6 (1) -1.3 (10) -1.5 (4) 
-3.8 (8) 
2.8 (1) 
-0.4/0.1 (13) 
7.6/8.3 (13) 
-2.0/2.6 (11) 
-0.2/2.0 (13) 
Romney x Texel 0.717.6 (11) 0.4/6.4 (5) 0.111.1 (7) 4.0/28.3 (7) -1.7/-0.8 (6) 0.5/1.2 (10) -2.1 (5) -13.8/0.2 (10) 
Texel x Coop worth -0.7/2.8(8) -0.6/-0.3 (9) -0.6/-0.2 (7) -1.4/0.6 (10) -0.111.0 (8) -6.9/4.2 (10) 
Texel x Merino 1.4 (7) -0.5 .(5) 0.8 (8) 0.6 (7) -4.2 (7) 
Texel x Poll Dorset ·6.2/6.6 (7) -0.7 (7) -2.2 (5) 1.1 (8) -0.3 (5) 2.6 (7) 
*: 1) Before "f' is the minimum, after "f' is the maximum; 2) Observation numbers are in brackets; 3) Cells were left blank where no estimate was available 
Table 5.6 Range of direct heterosis estimates for ewe wool traits * 
Breed combination EBrightness (Y) EBulk (cm3/g) ECOLM (Y -Z) ECurvature (o/mm) EFDIAM (f.lm) EFW12 (kg) EStLgth (cm) 
Corriedale x EF -0.4 (8) 0.6 (6) 0.5 (7) -7.2 (3) 2.6/2.7 (10) 
Corriedale x Texel 1.8/3.0 (5) -0.8/0.6 (7) -0.4/-0.2 (9) -2.3/-2.1 (4) -0.4/0.1 (12) 
Romney x EF -11.4/-9.4 (7) -1.3/-0.6 (11) 
Romney x Finn 3.2 (7) 0.8/0.9 (8) 1.4 (8) -1.2/-1.1 (9) 0.1 (9) 
Romney x Merino 0.110.5 (12) -3.5/-1.4 (14) 0.4 (14) -1.3/-0.3 (10) 
Romney x SFMer 0.7 (1) 4.5 (1) -4.3/-2.9 (13) 0.1 (13) -7.9 (1) 
EYield (%) 
3.7/3.8 (7) 
-1.8/2.9 (8) 
-2.6 (7) 
0.3 (7) 
-0.1 (11) 
*: 1) Before "f' is the minimum, after "f' is the maximum; 2) Observation numbers are in brackets; 3) Cells were left blank where no estimate was available 
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5.3.5 Ewe wool 
The direct heterosis estimates for ewe wool traits are summarised in Table 5.6. 
Only a small amount of heterosis in ewe wool brightness was found in the combinations 
available in Table 5.6, covering -0.7% to 5.3% of the corresponding general means. A high 
heterosis estimate (4.5 units) was found in Romney x SFMer in ECOLM, possibly because the 
backcross (SFMerRom)Rom had a high estimate (5.8 units) compared to the parent breeds 
SFMer (0.6 units) and Romney (4.5 units) and the first cross SFMerRom had no record in this 
trait (Table 4.11). The Romney x Finn combination also had high heterosis estimates in 
ECOLM ranging from 37% to 53% of the corresponding general means. Up to 0.5 units of 
ECOLM heterosis were observed in Corriedale x EF and Romney x Merino covering less than 
15% ofthe general means. Negative ECOLM heterosis estimates were only observed in 
Corriedale x Texel which were about -9% of the general means. 
The sizes of heterosis estimates in ewe wool bulk were also small, ranging from -3.3% 
to 4.2% of their corresponding general means (Table 5.6). In ECurvature, relatively big sizes of 
heretosis effects were detected in Romney x EF (up to -21 % of the general means) and 
Corrie dale x EF (up to -12% of the general means) combinations. Estimates for Corriedale x 
Texel were negative with small sizes. 
Negative heterosis estimates in EFDIAM were found in four Romney combinations in 
Table 5.6. The Romney x SFMer had -4.3 /-tm (about -15% of the general means) in ClassNZ 
and -2.9/-tm (about -10%) in Class 5. The Romney x Merino combination had -3.5/-tm (about 
-11 %) and -l.4/-tm (-5%) in ClassNZ and Class 5 respectively. The percentages for Romney x 
Finn and Romney x EF were -4% and -4% to -2% respectively. The Corriedale x EF had only 
positive estimates in this trait that were about 8 to 9% of the their general means. Very limited 
heterosis was found in the Corriedale x EF combination (less than 1 % in size). 
The listed heterosis estimates for EFW12 were all positive. The Romney x Merino had 
0.4 kg direct heterosis covering 10% of the general means. The Romney x Finn and Romney x 
SFMer both had 0.1 kg covering about 3% of the general means. There were also nine heterosis 
estimates for the Romney x Perendale produced in this trait, which were -1.2 kg covering up to 
-36% of the general means (not listed due to the limited space of Table 4.6). 
Only two combinations had heterosis estimates in EStLgth which were all negative. 
The Romney x SFMer had only one estimate which was a high negative value. The Romney x 
Merino had -1.3 cm (-10%) in ClassNZ and -0.3 cm(about-3%) in Class 5. 
The sizes of heterosis estimates in EYield were small too. The highest estimates were 
found in Corriedale x EF which were under 5% of their general means. The lowest estimates 
were found in Romney x EF which were about -4% of their general means. 
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5.3.6 Maternal and paternal heterosis for wool traits 
Estimates of maternal and/or paternal heterosis for hogget wool traits are displayed in 
Table 5.7. These were only available in the combinations where their resultant second and/or 
further crosses had information (Table 4.10). 
The Romney x Texel had a maternal and a paternal heterosis estimates (about -2% and 
3% of the general mean respectively) in Bulk, and a paternal heterosis estimate (17.5% of the 
general mean) in COLM (Table 5.7). This combination also had maternal and paternal heterosis 
estimates in fibre curvature that were in opposite directions, ie, -11 % and 12% of the general 
means for maternal and paternal estimates respectively. Paternal heterosis was also observed in 
the Romney x EF combination in fibre curvature which was about -5% of the general mean. 
In fibre diameter, maternal heterosis was estimated only for Romney x EF which was 
6.6 /lm covering 38% of the general mean. Paternal heterosis was observed in three 
combinations in this trait: -0.6 /lm (-2%) in Corriedale x EF, 0.9 /lm (3%) in Romney x EF and 
0.2/lm (0.5%) in Romney x Texel. 
Table 5.7 Range of maternal and paternal heterosis estimates for hogget wool 
traits * 
Bulk COLM Curvature FDIAM12 FW12 Yield 
(cm3/g) (Y-Z) (o/mm) (!:!:m) (kg) (%) 
Corrie dale x EF 
maternal -0.2 (1) 
paternal -0.6 (1) -1.6 (1) 
EF x Coopworth 
2aternal -0.3 (1) 
RomneyxEF 
maternal 6.6 (1) 
2aternal -2.6 (1) 0.9 (1) 
Romney x Finn 
maternal 2.6 (1) 
Romney x Texel 
maternal -0.5 (1) -7.5 (2) -0.4 (2) -1.3 (2) 
paternal 0.9 (1) 0.7 (1) 7.6 (1) 0.2 (1) 0.01(1) 
*: 1) Observation numbers are in brackets; 2) Cells were left blank where no estimate was available 
Maternal heterosis in FW12 was found in the Romney x Texel which was -0.4 kg about 
-12% of the general means (Table 5.7). Paternal heterosis was observed in the EF x Coopworth 
which was -0.3 kg covering -8% of the general mean, and also in the Romney x Texel which 
was close to zero. Maternal heterosis in Yield was observed in three combinations: -0.2 (-0.3%) 
in Corriedale x EF, 2.6 (3.5%) in Romney x Finn and -1.3 (-2%) in Romney x Texel. Paternal 
heterosis in Yield was only found in Corrie dale x EF which was about -2% of the general mean. 
Only a few estimates of maternal or paternal heterosis for ewe wool traits were 
produced (Table 5.8). The Corriedale x EF had limited amount of paternal heterosis in 
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EBrightness, ECOLM and EYield;but relatively high amount in EFDIAM which was 2.5 !-Lm 
covering about 8% of the general mean. The Corriedale x Texel had maternal heterosis up to 
3.2 units (5%) in brightness, -0.5 cm3/g (-2%) in bulk, -1.5 units (-37%) in yellowness 
(ECOLM), 1.1 percent in washing yield and -3.4!-Lm (-11 % of the general mean) in fibre 
diameter. The Romney x EF had only a small estimate of paternal heterosis in fibre diameter. 
Table 5.8 Range of maternal and paternal heterosis estimates for ewe wool traits * 
EBrightness EBulk ECOLM EFDIAM EYield 
(Y) (cm3/g) (Y-Z) (!lm) (%) 
Corriedale x EF 
Qaternal -0.8 (2) -0.04 (1) 2.5 (1) 1.5 (1) 
Corriedale x Texel 
maternal 3.2 (1) -0.5 (1) -1.5 (1) -3.4 (2) 1.1 (1) 
RomneyxEF 
Qaternal -0.12 (1) 
*: 1) Observation numbers are in brackets; 
2) Cells were left blank where no estimate was available 
5.4 Discussion 
5.4.1 Implications 
Many new estimates of direct, maternal and paternal heterosis have been produced 
using the merged overall means resulting from all sources of existing data from sheep 
crossbreeding trials available in the NZ sheep industry. This was only possible because the 
overall means within a farm class were assumed to be from a general trial in that class. Based 
on this assumption, different crossbreeding combinations were formed through utilising the 
overall means of relevant genotypes. These estimates can therefore be regarded as 
increased/extended information to explore the information gaps (Sections 2.3.6 and 2.4). 
Compared to Table 2.5, where published direct heterosis estimates from individual 
crossbreeding trials within NZ are displayed, the new estimates covered a wider range of 
economic traits and breed combinations, especially those which are currently of most interest to 
the NZ sheep industry. Since these new estimates were categorised by farm class rather than 
individual farm levels, they are theoretically applicable to the farms located in the same farm 
class and are therefore useful references to NZ sheep breeders (particularly those within farm 
classes 5, 6 and 7) in their crossbreeding practices. However, considering that most farmers 
will probably seek to make decisions at an individual farm level within a farm class, further 
work is also needed in the DSS in order to incorporate additional farm variation into these 
references (Chapter 6) to assist the decision makers. 
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The main purpose of these estimates is to predict performance for untested crossbred 
genotypes within a crossbreeding plan. Unfortunately, sensible predictions cannot be made 
immediately because the maternal components of additive and heterotic effects were generally 
lacking. Even for the direct heterosis, there are still a large number of breed combinations that 
do not have estimates, let alone estimates of possible epistatic effects. Therefore, a computer 
simulation study was proposed in order to provide guidance on the risks associated with using 
inadequate estimates when making decisions about alternative crossbreeding plans. This will be 
covered in detail in Chapter 6. These estimates, together with those displayed in Table 2.5 and 
Appendix 4 where the published heterosis estimates from the world wide literature in sheep 
crossbreeding (Sections 3.3.3.6 and 4.2.3) are listed, can be used in the simulation study to 
define the probability distribution functions for the direct and maternal heterosis for the traits in 
consideration. 
5.4.2 Algorithm and quality of estimates 
The algorithm used in this chapter comprises three major parts: the merged population 
means as the input, Kinghorn Model as the genetic model, and weighted least squares as the 
statistical method. According to the results presented in Section 5.3, the Kinghorn Model 
seemed to be over complex to the estimation tasks in this project simply because there was 
insufficient information to satisfy the model for estimating epistatic or even maternal effects in 
many cases. For the same reason, the parametrization of the paternal effects and additive x 
additive interactions was unnecessary and could have added extra collinearities to the estimates 
of crossbreeding effects. Some 'unusual' heterosis estimates, eg the negative direct heterosis 
estimates for reproduction traits (Table 5.3), could also be the consequences of the 
overparametrization. 
This issue will be largely avoided when sufficient crossbreeding data become available 
in the future to satisfy the full parametrization in the Kinghorn Model. Given the fact that this is 
unlikely to happen soon, further modification of HeterosisEstimator is therefore needed to better 
cope with this issue before its incorporation into the DSS can be considered. For example, 
rather than trying to estimate as many parameters as possible (Section 5.3), the algorithm of 
determining the number of parameters to be estimated in HeterosisEstimator should be 
improved to prevent overparametrization. 
As discussed in Section 5.4.1, the methodology of using the merged population means 
and standard errors as the input data was fundamental to the algorithm. It is particularly useful 
in handling the situations where the existing information from independent crossbreeding trials 
was insufficient and unable to be compared (Newman S. pers comm.) and was adopted in the 
development of HotCross (Newman et al. 1997). The weighted least squares approach, in 
conjunction with the statistical method used in the meta-analyses in Chapter 4, was a good 
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choice for the tasks because the sampling errors of the overall means were taken properly into 
account to control possible bias. 
The quality of the input means consequently determined the quality of the estimates of 
heterosis and other crossbreeding effects such as the general means and additive effects. That is 
partly because the number of the means was generally small. If there were a bias in the input 
means, the estimates of parameters would also be biased. Therefore, the heterosis estimates 
produced in this chapter were preliminary results since the input data were only preliminary 
results of the meta-analyses (Section 4.4.1). A better quality of heterosis estimates may be 
achieved once the quality of the input overall means is improved. 
However, the heterosis estimates can still be biased even when the input means were 
not. There were at least two reasons for this. First, each overall mean within a crossbreeding 
plan under consideration was not necessarily generalized from the same individual farm records. 
In fact, the same environmental effect of a farm class was assumed for data from each 
individual farm in the meta-analyses in order to generate overall means for that class. 
Therefore, possible differences in genotype performance across farms were ignored in data 
merging but were carried through into the overall means. When the overall means were 
analysed together in a crossbreeding plan, the farm differences would have caused unpredictable 
biases in the results. 
For example, for a Romney x Finn plan, suppose the Romney overall mean was from 
four farms A, B, e and D, the Finn overall mean was from D only, and the Finn x Romney 
mean was from e and D. A lower or higher direct heterosis than the true effect size is likely to 
be estimated if the Romney performance in A and B is lower or higher than that in e and D. 
Unfortunately, this issue, as a side effect of the meta-analysis algorithm where the farm classes 
were used as environmental identifiers (Section 4.4.1), remains unresolved. 
Second, the lack of records of reciprocal crossbred genotypes (Wei et ai. 2001) can bias 
the heterosis estimates (Sections 2.4, 2.14.1) (SOlkner and James 1990a). Since many 
reciprocal crosses are not economically applicable in the sheep industry, eg, Suffolk ewes are 
unlikely to be sired by Romney rams for prime lamb prdduction, it seems inevitable for the 
sheep industry to have biased heterosis estimates for a long time. 
HeterosisEstimator, as an extension ofthe eBE program (Section 5.2.4) where the 
algorithm was implemented, performed precisely and efficiently as expected. This can be seen 
by checking the results displayed in Section 5.3 with the input overall means displayed in 
Section 4.3.3. Since new computing functionalities such as the application automation 
(Halvorson 1998) and auto-identification of genotype pedigree have been built in, 
HeterosisEstimator is capable of automating the estimation processes and writing results to 
Microsoft Excel worksheets for further analysis and consequently increases the program 
efficiency enormously. 
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From the DSS perspective, as new crossbreeding data become available, meta-analysis 
processes need to be redone and new overall means will be ca1culated.HeterosisEstimator will 
then become crucial to increase the DSS performance in analysing the big number of 
crossbreeding plans in each round. Therefore, it can be regarded as a necessary component of 
the DSS. However, HeterosisEstimator was currently targeted for research purposes. Further 
work is needed to fix issues mentioned above and below, and develop the program upto the 
industrial norm, before its incorporation into the DSS can be considered. 
Another issue resident in HeterosisEstimator is that some unusual estimates of direct 
heterosis (Section 5.3.3) were produced in a few traits in the analyses. These estimates, 
although not biologically valid, were still statistically valid, because the other parameter 
estimates from the same model were adjusted accordingly to ensure the resultant estimates of 
population means matched the input means (Appendix 3). Special validation routines are 
therefore expected in HeterosisEstimator to detect these unusual estimates. Unfortunately, these 
can be difficult to implement because there are no set criteria in the sheep industry which can be 
used to judge the validity of heterosis estimates. These unusual estimates will be easily detected 
and left out in the processes of defining distribution functions (Chapter 6) when they are plotted 
together. However, if heterosis estimates produced in this chapter are likely to be referenced 
individually, it is always safe to remove the unusual estimates beforehand. 
Considering that there might have been biases in the heterosis estimates produced in this 
chapter, peer comparisons were made trait by trait, where possible, between these estimates and 
the ranges of the published heterosis estimates (Appendix 4) to explore any big differences. 
The comparisons showed that, regardless of the unusual ones, most heterosis estimates 
produced in this chapter were found within the corresponding ranges although the sizes of 
estimates differed from case to case. The estimates that were outside of the corresponding 
ranges in Appendix 4 were seen mostly in traits WWT, LW12, FDIAM12 and EFDIAM. 
However, it should be borne in mind that there were big differences in breed 
combinations, environments and methods of estimating heterosis (Section 2.14) among the 
heterosis estimates from different published papers. Therefore, these peer comparisons could 
only give some outline of the common sizes of heterotic effect for a particular trait, and are not 
reliable in telling which estimate is better than others. 
5.4.3 Difficulties for the DSS 
Prediction of the outcome of any cross has been regarded as difficult or even impossible 
for many years simply because the non-additive genetic variation, by its nature, can only be 
discovered by carefully designed crossbreeding experiments, and consequently any prediction, 
without knowing the non-additive variation, can be of very limited accuracy (Garrick 2001; Rae 
1964). Unfortunately, it is unrealistic to expect adequate experiments such as these to be 
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undertaken to understand the non-additive genetic variation, ie, dominance and epistatic effects, 
in every aspect due to the high costs (Section 2.4). Therefore, the sheep industry will have to 
live with a lot of uncertainties from the non-additive variation but try to understand the 
uncertainties gradually, through accumulated information on the productive characteristics of 
available crosses (Rae 1964). 
That explains the main purpose and also the major difficulties of the DSS. As an 
academic approach to better understanding of the non-additive genetic variation, the DSS 
project has collated and analysed the existing information from sheep crossbreeding trials in 
order to yield as many estimates of the dominance and espistatic effects as possible. 
Consequently more understanding of dominance effects in the NZ sheep industry has been 
reached than available before. Combining the mature computing technologies required for a 
development of a data-driven DSS, the DSS is likely to be a useful tool for sheep farmers in 
their crossbreeding practices. 
However, according to the results of heterosis estimates presented in this chapter, there 
were still many gaps in the estimates of maternal, paternal dominance and epistatic effects. This 
caused difficulties in predicting the performance of any cross at either trait or production levels 
given so many uncertainties. Therefore, it is necessary for the DSS to focus on only a few traits 
and breed combinations where information was relatively adequate and leave the remaining to 
be dealt with after more information becomes available. This leads to a simulation study 
covered in detail in Chapter 6. Since estimates of maternal dominance were generally lacking in 
this study, the relevant information in Appendix 4 will have to be incorporated in order to assist 
the simulation study. 
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Chapter 6 
A simulation study on prediction of untested crossbred 
performance 
6.1 Introduction 
There are many uncertainties to be dealt with when trying to predict crossbred 
performance. These uncertainties can be seen at three different levels: the crossbreeding theory, 
the model and the parameters. As current crossbreeding theories are based on the Mendelian 
genetic model (Section 2.13), it is always worthwhile to ask if the biological basis of heterosis 
will be unravelled with new findings at the gene level (Taylor et al. 1997), such as DNA 
methylation (Section 2.13). 
Within current paradigms of crossbreeding theories, a number of crossbreeding genetic 
models have been developed, mainly differing in the ways of reparametrization of the epistatic 
effects where arbitrary conditions were applied (Section 2.14.2). These arbitrary conditions 
would certainly cause uncertainties when the models are used. 
Uncertainties at the parameter level are obvious. The first is that some parameters were 
unable to be estimated, eg, the maternal additive, maternal heterosis and epistatic effects, due to 
insufficient data. These remain unknown or little known for most traits under consideration in 
this thesis. The second describes the lack of adequate confidence in the quality of the estimated 
parameters in consequence of the variable quality of the input population means (Section 5.4.2). 
When the missing parameters become available, the sizes of existing parameter estimates 
(Section 5.3) will change accordingly, which is also, in itself, an uncertainty. 
Suggestions based on these uncertainties will of'course bring risk to decision makers, 
where risk implies that a given action has more than one possible outcome (Palisade 2002). 
Quantitative risk analysis (QRA) is a good technique to handle situations like this, which 
involves quantifying the probability of uncertain variables and the potential impact of the risk. 
QRA uses Monte Carlo simulation which offers users a powerful and precise method for 
assimilating the uncertainty and variability of a problem, and producing realistic insights into 
the problem (Vose 2000). 
The name "Monte Carlo" simulation originated during World War II when this 
approach was applied to problems related to the development of the atomic bomb (Law and 
Kelton 1991). Monte Carlo simulation was defined as a scheme employing random numbers to 
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solve stochastic or deterministic problems, where the passage of time plays no substantive role, 
ie, is static rather than dynamic (Law and Kelton 1991). This technique involves the random 
sampling of each probability distribution (in a manner that reproduces the distribution's shape) 
within a model to produce hundreds and thousands of scenarios (iterations) and consequently 
the model outcome reflects the probability of the values that could occur (Vose 2000). 
@Risk(version 4.5) is a program package with Monte Carlo simulation and other QRA 
techniques being implemented to help decision makers address problems with uncertainty and 
evaluate all possible outcomes (Palisade 2002). Acting as an 'add-in' to Microsoft Excel, 
@Risk provides all the necessary tools for setting up, executing and viewing the results of risk 
analyses in the Excel style, allowing the user: 
• to easily define uncertain cell values in Excel as probability distributions 
functions. @Risk adds up to thirty-seven distribution functions to Excel that 
cover almost every known distribution type. All distributions may be truncated 
to allow only samples within a given ranges of values. 
• to easily specify and execute simulations of Excel models, including random 
sampling methods, any number of iterations per simulation, seeding the random 
number generator, real time animation and updating results and statistics. 
• to graphically interpret and present simulation results and distributions 
• to generate a full statistical report on the simulation results including 
cumulative graphs, Tornado charts (displaying sensitive input variables in 
Tornado shapes), histograms and summary statistics. 
• to run sensitivity analyses to find out which cells most affect the outputs so that 
input distribution assumptions could be adjusted, if necessary, to allow a new 
simulation to be run quickly. 
• to run Goal Seek to find out the suitable value of an input that leads to a desired 
simulation result. 
This chapter therefore focuses on a simulation study using @Risk to address the issues 
in predicting untested crossbred performance, within the current paradigms of crossbreeding 
theories. The objectives are: 
1. to develop algorithms to predict crossbred performance for the DSS. 
2. to identify possible problems in the prediction processes and find out 
appropriate solutions. 
3. to yield sets of valid crossbreeding parameters that minimise the difference 
between the actual crossbred performance and corresponding predicted values 
for a wide range of crosses. These parameters and predicted crossbred 
performance can be incorporated into the DSS to assist decision making. 
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6.2 Materials and methods 
6.2.1 Scope 
Only a small scope was chosen in this chapter in order to concentrate on the simulation 
algorithm itself. The algorithm, once developed and verified, can be reused to perform the 
remaining prediction tasks of the DSS. Traits, breeds and farm classes covered in this chapter 
are as follows: 
• Traits: WWT, LitSize and Bulk, representing growth, reproduction and wool 
quality categories respectively. 
• Breeds: Romney, Merino, Finn and Texe1 
• Farm classes: ClassNZ and Class 5 
WWT was chosen from among the three traits to demonstrate the development of the 
algorithm, the techniques used to solve problems encountered during the simulation, and the 
comparisons between results for ClassNZ and Class 5. 
6.2.2 Genetic model and design matrix 
Theoretically, the same model is used in a prediction study as in the estimation process, 
although it is treated separately in this chapter. This is because the prediction of untested 
crossbred performance relies on the crossbreeding parameter estimates and the associated 
design matrix within a statistical model (Section 5.1). Unfortunately, it was not feasible to use 
the Kinghorn Model (Section 5.2.2)here because estimates of some parameters, such as the 
maternal additive and heterosis, were lacking in many cases. Therefore, a simplified dominance 
model (SDM) was adopted, where a pair of 'averaged' direct and maternal heterosis parameters 
at trait level were used (instead of using each pair of heterosis parameters for every breed 
combination within a crossbreeding plan) (Kinghorn 1987a;1997). The number of parameters 
that need to be incorporated into the model therefore decreases significantly. Taking a four-
breed model for example, only 11 parameters are needed in SDM, which is 6 parameters fewer 
than the number required for the dominance model (Section 2.14.2). 
The SDM model notation is a simplified version of Equations 5.1 and 5.3 with the same 
condition being applied: 
G = m + La;ad; + La;am; + LOijdd + LOijdm (Equation 6.1) 
;<j i<j 
The different symbols used from those in Equations 5.1 and 5.2 are: 
ad; additive direct effect of the ith source population 
am; additive maternal effect of the ith source population 
dd averaged dominance direct effect within a model 
dm averaged dominance maternal effect within a model 
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Compared with Equations 5.1 and 5.3, Equation 6.1 takes no epistatic effect into 
account and uses a general dominance effect dd (dm) instead of the previous combination 
dominance effect dij (dmij). In SDM, the paternal, grandmaternal and cytoplasmatic 
components in Equation 5.3 are also ignored. 
By following the definitions of CXj and 81j (Equation 5.1) in Section 5.2.2, the design 
matrix for a four-breed model is easy to compile (See Appendix 5), given that the direct and 
maternal heterosis are assumed sharable in the SDM model. It should be borne in mind that any 
rotational or synthetic cross mentioned in the matrix is balanced at equilibrium. Thus the 
proportion of heterosis (both direct and maternal) ,expressed in a balanced rotation system 
between n breeds can be calculated by (2n_2)/(2n_1), and a balanced synthetic system by (n-1)/n 
(Kinghorn 1987a). The design matrix contains coefficients for any combination of two or three 
breeds within the group of four breeds and therefore facilitates the analyses performed in 
Chapter 5. 
6.2.3 Probability distributions 
The input estimates used for defining distribution functions for the parameters 
(Equation 6.1) were stored in two Excel files, ie, 2BAna.xls and 3BAna.xls, which are available 
in the attached CD. These two files were originally copied from the 2BParameters.xls and 
3BParameters.xls respectively (Appendix 3). They were used to perform data analysis for 
Chapter 5 and to organise parameter data for this chapter, with special functionalities being 
implemented to assist with data extraction. 
According to Models 5.1 and 4.2, a normal distribution of each crossbreeding parameter 
was assumed and used to test for statistical significance. Therefore, in the simulation model, the 
normal distribution type was also assumed to all the input variables to keep consistency. 
To define a distribution is simple in @Risk after a data set is selected (Palisade 2002). 
For example, to define a distribution function for the ad effects of Romney on Bulk for 
ClassNZ, the Romney ad estimates on Bulk within ClassNZ are selected first. Then @Risk "Fit 
Distributions to Data" module can be called on to automatically fit different distributions to the 
data set and rank the distributions by different statistics such as Chi square. The resultant 
distribution function can then be inserted into an Excel cell ready for use. 
However, defining a distribution function is not always straightforward. This is firstly 
because @Risk requires at least five estimates to define a distribution function. However, often 
the number of estimates for a parameter was less than five, such as additive maternal (am) and 
dominance maternal (dm), in the results of Chapter 5. Secondly, the general mean (m) can not 
be separated from the other additive parameters such as additive direct (ad), due to the nature of 
a weighted least squares model. Thirdly, the distribution functions as defined, once 
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incorporated into the simulation model, must reflect the restrictions on parameters, ie, the sum 
of ad effects and the sum of am effects must be zero. 
Therefore, the algorithm used to define distributions in the simulation study is: 
• For dd and dm, estimates at each trait-class level were used together in @Risk 
to fit the corresponding distributions, ie, information of breed combinations was 
ignored as a classification although it is important in the real world. In cases 
where the estimates produced were inadequate, the collated heterosis estimates 
(Appendix 4) were incorporated into the data set for the distribution definition. 
• For each pure breed in the model (Section 6.2.1), within each relevant analysis 
of this breed in a particular farm class, the value of m was added to the value of 
ad to make a new ad value (New_ad) carrying the information for m. The 
New_ad estimates associated with that breed were used together to fit a 
distribution in @Risk. In this way, the m can be restored in a simulation model 
after all New_ad values have been randomly generated (Section 6.2.4). 
• To define distributions for the am of each pure breed in the model is difficult 
because: 1) the am estimates were general lacking (fewer than five estimates for 
a breed); 2) whenever an am estimate was available in an analysis, other 
parameters-including the m and ad were adjusted unpredictably. To avoid the 
problem, only temporary distributions.(normal type) were defined for the am 
effects of the pure breeds in the model, with the relevant minimum and 
maximum values (if available) being considered. These distributions therefore 
have no relationship to the m and were monitored in the simulation. 
• @Risk provides an option for using alternative parameters such as percentiles 
and corresponding values to define distributions for input variables where little 
information is available. The values assigned in the distributions can be 
arbitrary. Temporary distribution functions could be defined using this @Risk 
feature for the parameters mentioned above if no information was found. 
6.2.4 Simulation algorithm 
Once the design matrix and input distribution functions for each parameter are 
available, it is easy to set up the simulation model in Excel with the restrictions on parameters 
being implemented (Appendix 5). The m was calculated as the average of the New _adi effects 
using the formula below (n is the number of pure breeds and i is the ith pure breed in the model): 
n 
L,New_ad i 
m=-=-i ___ _ (Equation 6.2) 
n 
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Once m is available, ad! needs to be restored as the difference value to musing: 
ad; = New _ ad; - m (Equation 6.3) 
To ensure the sum of ami effects to be zero, Equation 6.4 was used: 
(Equation 6.4) 
Simulations were performed where possible for each trait within a farm class. For each 
simulation, the relevant distribution functions (displayed in Tables 6.1 and 6.2 below) and the 
target data (available meta-analysis means produced in Chapter 4) were first placed into the 
simulation model (Appendix 5) appropriately. Normal distribution functions were then defined 
arbitrarily for the am parameters. Arbitrary standard deviation values were assigned to the 
functions where the standard deviation was zero in order to increase the extent of representation. 
Standard deviations (%) of the simulated means against the corresponding target data, 
and, consequently, the maximum deviation (MD), were calculated and added to the output list 
of a simulation. Within a simulation, a MD value was recorded in each iteration which 
therefore reflects the worst case of fitness of the predicted values against the target values. The 
output list (mainly the MD) was monitored in @Risk with an algorithm below to find the 
optimum results at given a desired level ofMD: 
1. run the simulation model (2000 iterations each run) 
2. evaluate the output MD against the desired level 
3. if it is higher than expected 
a. run @Risk sensitivity analysis on output results 
b. check @RiskoutputTornado graphs 
c. identify the most sensitive input parameter(s) 
d. run @Risk Goal Seek to find appropriate value(s) for the parameter(s) 
4. else 
e. change the input distribution functions accordingly 
f. back to 1 for another run 
a. if want to carryon with a lower. desired level 
i. reduce the desired level of MD 
b. else 
ii. back to 1 for another run 
i. record the input parameter values and distribution functions 
ii. record simulated means and associated risk levels 
iii. end current simulation 
Since the meta-analysis means were used as the target data, which themselves were 
preliminary results and subject to change (Section 4.4.1), they are a possible cause of the 
simulation algorithm failing when some extreme estimates, which were far higher or far lower 
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than they should be, were included as the target. When this happens, the extreme target data 
will cause the MD to be very high and, consequently, it will be difficult for the simulation 
model to meet the requirement. To avoid the problem, the output standard deviation(s) 
associated with these offending target data should be removed from the model output list. 
Once all simulation analyses were completed, a general evaluation was performed to 
rank different crossbred genotypes, based on their economic returns, which were calculated 
from the predicted performance and corresponding economic weight of each trait, where the 
sum of the weights should be 1 (Maddever and Cottle 1999), using Equation 6.5 below. The 
evaluation results are the information to assist decision-making. 
Return; = WWT; * EW WWT + LitSize; * EWL;tS;ze + Bulk; * EWBu1k (Equation 6.5) 
where: 
Return; 
EW 
index number of a genotype 
economic return of ilh genotype 
economic weight; subscript stands for a trait 
WWT; predicted WWT merit of ilh genotype (similar to LitSize; and Bulk;) 
6.2.5 Assumptions 
Since meta-analysis means and estimated crossbreeding parameters were used as either 
target data or inputs respectively, the assumptions made in Chapters 4 and 5 still apply here. 
New assumptions made to make the simulation work properly are explained below: 
1. The SDM, although a simplified version of a dominance model (Section 
2.14.2), can still produce robust predicted results. The epistatic, cytoplasmatic, 
paternal and grandmaternal effects are not important and can be ignored. 
2. The dd and dm can satisfactorily represent the average effect of djj and dmij 
for the individual combinations respectively in a model. 
3. An averaged year effect can be applied to all crossbred genotypes. 
6.3 Results 
Simulation analyses were performed trait by trait within one of the two farm classes, 
using the algorithms described in Section 6.2. The final results are displayed in this section, 
covering the defined distribution functions, simulation results for each trait, and the final 
evaluation results of different crossbreeding systems. These results are also available in the 
associated files stored in the attached CD. It should be noted that the distribution functions and 
@Risk outputs can only be read on computers where @Risk is installed. 
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6.3.1 Distribution functions 
Following the routine described above, estimates of additive direct (actually the sum of 
additive direct and general mean), additive maternal, and direct and maternal heterosis 
parameters were extracted from 2BAna.xls and 3BAna.xls (Section 6.2.3) and stored in Excel 
worksheets "Additive" and "Heterosis", respectively, within a file of DataDistribution.xls 
(available in the attached CD). Only the normal distribution type was used (Section 6.2.3). The 
defined distribution functions were stored in the "Distribution" worksheet of that file and are 
displayed in Tables 6.1 and 6.2. 
All four breeds had defined distribution functions available for each trait at ClassNZ, 
and only for WWT at Class 5 (Table 6.1). The Romney also had a distribution function for 
LitSize at Class 5 as RiskNormal(1.54, 0.00). These functions carried information for both the 
m and ad and were therefore critical to the simulation. Without a complete set of distribution 
functions of direct additive effects for the four breeds, it is impossible to set up a simulation 
model for the analyses of Bulk and LitSize at Class 5. 
Table 6.1 Available normal distribution functions of direct additive effects defined 
for each breed and each trait within ClassNZ and Class 5* 
Bulk LitSize WWT 
ClassNZ ClassNZ ClasNZ Class 5 
Finn RiskNormal(22.35, 0.00) RiskNormal(2.1O, 0.00) RiskNormal(28.53, 0.00) RiskNormal(21.07, 0.00) 
Merino RiskNormal(27.16, 0.00) RiskNormal(1.10, 0.00) RiskNormal(20.54, 0.00) RiskNormal(15.87, 0.00) 
Romney RiskNormal(22.28, 1.09) RiskNormal(1.53, 0.00) RiskNormal(19.58, 1.89) RiskNormal(18.08, 0.00) 
Texel RiskNormal(30.16, 1.41) RiskNormal(1.30,0.00) RiskNormal(28.28,2.34) RiskNormal(21.70, 0.00) 
*: Function RiskNormal(mean, standard deviation), represents a normal distribution in @Risk with a 
mean and standard deviation specified in brackets (Palisade 2002). 
Three quarters of the functions in Table 6.1 had very small standard deviations (zero 
when only two decimal places were kept). This was possibly because for the pure breeds listed 
in the table, no maternal parameter had been estimated simultaneously with the corresponding 
direct additive effects, because of insufficient informati<;m on further crosses derived from them 
(Section 5.3.1). Consequently, the Kinghorn Model produced almost the same estimates of 
direct additive effects across different crossbreeding analyses for all of them, with very limited 
associated variation. Therefore, these distribution functions only partly reflected the situation 
and are subject to change when maternal information becomes available (Section 6.1). 
Consequently, these functions were modified by assigning arbitrary standard deviation values or 
using alternative parameters within the functions. 
The available distribution functions for direct and maternal heterosis estimates are 
displayed in Table 6.2. The relevant collated estimates of direct and maternal heterosis 
(Appendix 4) were incorporated into the function definitions for WWT and LitSize. For direct 
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heterosis, traits LitSize and WWT had functions available at both ClassNZ and Class 5, whereas 
trait Bulk only had one function defined at ClassNZ. Distribution functions of maternal 
heterosis were only available for traits LitSize and WWT at ClassNZ. The shortage of 
distribution functions for both direct and maternal heterosis at Class 5 indicated difficulties in 
modelling crossbreeding systems in this class. 
Few distribution functions of am effects could be used because there was very limited 
data to base them on. These functions (normal) were defined while a model was set up with 
arbitrary parameters assigned, and used as a starting point. They were adjusted accordingly as 
the simulation algorithm iterated to a solution (Section 6.2.4). 
Table 6.2 Available normal distribution functions of direct and maternal heterotic 
effects defined for each trait within ClassNZ and Class 5* 
Direct 
ClassNZ 
Class 5 
Maternal 
Bulk LitSize WWT 
RiskNormal(0.53, 3.03) RiskNormal( -0.02,0.17)1 
RiskNormal( -0.12, 0.15) 
RiskNormal(1.84, 3.87)1 
RiskNormal( -0.14,2.39) 
ClassNZ RiskNormal(0.08, 0.15)1 RiskNormal(-0.27,2.13)1 
*: Function RiskNormal(mean, standard deviation) represents for a normal distribution with a mean 
and standard deviation specified in brackets 
I: Collated heterosis estimates (Appendix 4) were incorporated into the function definitions 
All these distribution functions should be truncated by assigning a minimum and a 
maximum value of each mean (Section 6.1), in order to reflect the limits of biological 
performance of each genotype. The truncated values were also decided at the simulation stage, 
according to the standard deviation value (either defined or arbitrarily assigned). These 
functions were adjusted as necessary as the simulation iterated. 
6.3.2 Simulated results on WWT 
Following the algorithm described in Section 6.2.4, different simulations were 
performed on WWT at ClassNZ and Class 5, respectively, and the final results are summarised 
in this section. These results are available in the files ofWWT_NZ.xls, WWT_NZ.rsk (@Risk 
file), WWT_5.xls and WWT_5.rsk in the attached CD. 
6.3.2.1 Monitoring results of MD of the WWT models 
In the simulation for ClassNZ, the target values for Tex(TexRom) and MerRom were 
found to be much lower than their predicted values and consequently caused the MD to be too 
high to meet the set simulation criterion (15%). By checking the original data stored in the 
database, it was found that there was only one estimate for Tex(TexRom) which was regarded 
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as ' unexpectedly low' (Section 4.3.2 .2.1) (Wuliji et al. 1997) and every estimate for MerRom 
(I 7.8,21.5 and 21.5 kg) was higher that the quoted target value (17.16 kg). Therefore, using the 
algorithm described in Section 6.2.4, the output standard deviation for Tex(TexRom) was 
removed from the output list and 21.5 kg was assigned to the target value for MerRom. The 
simulation model then easily converged and the MD results are displayed in Figure 6.1. 
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Figure 6.1 MD histogram in the WWT model for ClassNZ 
Similarly, the original value (21.4 kg) for TexRom WWT was used to replace the target 
value (17.8 kg) in the simulation for Class 5 in order to meet the criterion. Since there was no 
distribution function defined for dm at Class 5, nor target data that could be used to test the dm 
distribution, the dm distribution function for ClassNZ (Table 6.2) was used but unable to be 
monitored during the simulation. The Class 5 model results are displayed in Figure 6.2. 
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The MD mean and fifth and ninety-fifth percentiles were 12.19% and 11.07%, 8.99% 
and 7.23%, 16.51 % and 16.60% for the ClassNZ and Class 5 models, respectively (Figures 6.1 
and 6.2), showing that there was still some risk of the MD (12.2% and 10.6% respectively) 
going beyond the criterion (15%). Even for the 15% criterion itself, given a range of target data 
from 15 to 30 kg, the difference between predicted and target values, in the worst cases, can still 
be 2.25 to 4.5 kg, which could be too high for some decision makers. 
It should be noted that low MDs, eg, the ones located in the fifth percentile area in 
Figure 6.1 or 6.2, could be reached through reducing the distribution ranges of the input 
functions, with reference to the simulation sampling data from each input distribution. This 
implied that better results could be obtained when more quality crossbreeding data became 
available, as better input distribution functions and target data would, consequently, be available 
in the simulation. However, the 15% criterion for MD was assumed to be adequate here in 
order to demonstrate the algorithm and to yield sensible simulated results. 
6.3.2.2 Validated crossbreeding parameters of the WWT models 
When a simulation was completed (Section 6.3.2.2), the crossbreeding parameters, 
calculated from the mean values of their corresponding input distribution functions as point 
values, formed the solution to the simulation model. The point value of MD was also calculated 
according to these parameters. The parameters for the ClassNZ and Class 5 models and their 
resultant MD point values are presented in Table 6.3. 
Table 6.3 Validated crossbreeding parameters of the WWT models for ClassNZ 
and Class S3 
Class m ad1 ad2 ad3 ad4 am1 am2 am3 
ClassNZ 24.50 -5.12 4.21 4.85 -3.95 0.73 -0.73 0.90 
Class 5 19.41 -1.33 2.29 2.24 -3.20 -0.04 0.42 0.16 
a: Subscribe 1 stands for Romney, 2 for Texel, 3 for Finn, 4 for Merino 
b: MD unit is %; units for the other parameters are kg 
am4 dd dm MOb 
-0.91 2.12 0.84 9.58 
-0.54 1.16 -0.26c 7.23 
c: The dm value was unable to be tested, which may affect other parameters in the model 
The MD point values (Table 6.3) were lower than their corresponding mean values in 
the normal distributions (Section 6.3.2.1), because they were calculated when the point values 
displayed in Table 6.3 were assumed to sample simultaneously for the input parameters. This 
particular sampling may/may not happen in a simulation. It could also be found from Table 6.3 
that the values of parameters produced from the two models were quite different from each 
other, although the dm value in the Class 5 model was not tested, reflecting the different 
patterns in target data between the two classes (Section 4.3.2.2.1), as expected. 
However, it should be noted that these parameters are just one solution to a particular 
model suitable for a given set of target data at a particular MD criterion. They are not 
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necessarily the optimum results and may change accordingly as the target data change. This 
will be further discussed in Section 6.4. 
6.3.2.3 Predicted results from the WWT models 
Based on the parameters displayed in Table 6.3 and the design matrix (Section 6.2.2), 
the WWT merits of each genotype were predicted within a simulation model (Appendix 5). 
Consequently, the best genotype within each type of crossbreeding systems was easy to find, 
based on the predicted merits of a system. These are displayed in Table 6.4, where the first 
section showed the WWT performance of the four pure breeds and the second showed the best-
performed genotypes and their predicted performance. 
Table 6.4 The best-performed genotypes and their predicted WWT merits 
projected from the models for ClassNZ and Class 5* 
ClassNZ model Class 5 model 
Breeding s~stem Genot~~e Merit Genot~~e Merit 
Pure breeding Romney 20.1 Romney 18.0 
Texel 28.0 Texel 22.1 
Finn 30.3 Finn 21.8 
Merino 19.6 Merino 15.7 
Best 2-breed cross TexFinn 32.1 FinnTex 23.3 
Best 2-breed rotation Texel, Finn 29.7 Texel, Finn 21.8 
Best 2-breed synthetic Texel, Finn 30.6 Texel, Finn 22.4 
Best F2 cross TexFinn F2 31.0 TexFinn F2 22.3 
Best backcross Finn x TexFinn 31.2 Tex x TexFinn 22.3 
Best 3-breed cross Tex x FinnRom 30.3 Tex x FinnRom 21.8 
Best 3-breed rotation Romney, Texel, Finn 28.6 Romney, Texel, Finn 21.4 
Best 3-breed synthetic Romney, Texel, Finn 28.1 Romney, Texel, Finn 21.3 
Best AC x BC cross 1 TexFinn x FinnMer 29.4 TexRom x TexFinn 21.7 
Best 4-breed cross TexMer x FinnRom 28.3 Rom Mer x FinnTex 20.6 
*: The merit units are kg; see Section 4.2.1 for genotype name abbrevations 
1: AC x BC cross: a cross where three pure breeds are involved and one breed was part of both the sire 
and dam genotypes 
There was only one 4-breed rotation and one 4-breed synthetic in each simulation 
performed. Their predicted WWT values were 27.3 kg and 20.3 kg for ClassNZ, and 26.7 kg 
and 20.1 kg for Class 5, respectively, which showed no advantage over the other crossbreeding 
systems listed in Table 6.4. 
In most cases, the same best-performed crossbred genotypes were predicted from the 
two models, except for those in the 2-breed cross, the AC x BC cross and the 4-breed cross, 
although the predicted merits for these genotypes were quite different from each other. Based 
on the predicted results in the table, decisions could be made to adopt the desired crossbreeding 
systems in order to obtain best performance for WWT in the relevant farm classes. 
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The values displayed in Table 6.3 are only production performances without 
consideration of the corresponding costs such as management and feed. In fact, the more breeds 
involved in a system generally result in more difficulties for management and, consequently, 
higher cost. Therefore, genotypes that have higher merit values do not necessarily return higher 
profits. In fact, the overall crossbred performance depends on a combination of the performance 
on many economic traits. This will be further discussed in Section 6.4. 
6.3.3 Simulated results on LitSize and Bulk 
Unlike WWT, the simulation was only possible for ClassNZ for both LitSize and Bulk 
since there was no ad input distribution function defined for the two traits for Class 5. The 
simulated results for traits LitSize and Bulk were presented together in this section, similar to 
Section 6.3 .2. The detailed results are available in files of LitSize_NZ.xls, LitSize_NZ.rsk, 
Bulk_NZ.xls and Bulk_NZ.rsk stored in the attached CD. 
6.3.3.1 Monitoring results of MD of the LitSize and Bulk models 
The MD histograms of the LitSize and Bulk simulation models are displayed in Figures 
6.3 and 6.4, respectively. In the LitSize model, besides the four pure breeds, only the two first 
cross genotypes (TexRom and FinnRom) had target data available for the simulation. 
Consequently, the dm distribution was unable to be tested in the model. Since the LitSize 
means were generally small, the output standard deviations (Section 6.2.4), in particular the 
MD, tended to be high even though there were only small differences. Consequently, the MD 
criterion was set at 30% for this model. The MD mean, fifth and ninety-fifth percentiles for this 
model were 28.23%, 14.49% and 47.19%, respectively (Figure 6.3). The probability that MD is 
greater than 30% was 37%. 
- 0.06 0 
0 
0 0.05 C'\I 
II 0.04 t: 
-t: 0.03 
0 
1:: 0.02 
0 
a. 0.01 0 
'-Il. 0 
0 
MD <=14.49 
5% 
r 
20 
MD<=47.19 
95% 
Mean =28.23 
40 
LitSize MD value (%) 
60 
Figure 6.3 MD histogram in the LitSize model for ClassNZ 
80 
116 
The MD criterion was set 15% in the Bulk simulation model. The model had a similar 
number of target data as that in the WWT model for ClassNZ, and therefore it was possible to 
test every parameter in the model. As can be seen from Figure 6.4, the MD mean, fifth and 
ninety-fifth percentiles for this model were 14.73%,9.92% and 21.07%, respectively. The 
chance that MD went beyond the 15% criterion in the model was 42%, which can be too risky 
to some breeders. 
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6.3.3.2 Validated crossbreeding parameters of the LitSize and Bulk models 
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The point values calculated from the means of the distribution functions of the input 
parameters, and their corresponding point values of MD of the LitSize and Bulk models, are 
displayed in Table 6.5. Again, the MD point values in Table 6.5 are considerably lower than 
their corresponding mean values for the whole simulation (Section 6.3.3.2) when the point 
values in Table 6.5 were sampled simultaneously for the input parameters. Similarly, for each 
model, the resultant parameters give just one solution. The LitSize model is relatively less 
robust than the Bulk model because much fewer target data were used, especially when dm is 
taken into account. 
Table 6.5 Validated crossbreeding parameters of the LitSize and Bulk models for 
ClassNZ a 
Model M ad1 ad2 ad3 ad4 am1 am2 am3 am4 dd dm 
LitSize 1.50 0.06 -0.28 0.59 -0.36 -0.08 0.04 0.10 -0.05 -0.15 0.20c 
Bulk 25.62 -2.62 4.15 -3.12 1.59 -1.99 1.70 -0.95 1.24 2.39 -0.58 
' : Subscribe 1 stands for Romney, 2 for Texel, 3 for Finn, 4 for Merino 
b: MD unit is %; units for LitSize parameters are lamb; units for Bulk parameters are cm3/g 
c: The dm value was unable to be tested, which may affect other parameters in the model 
MOb 
6.28 
9.42 
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6.3.3.3 Predicted results from the LitSize and Bulk models 
The LitSize and Bulk performance merits were predicted for the genotypes within each 
simulation model, based on the corresponding parameters in Table 6.5 and the design matrix. 
The best genotypes from each crossbreeding type were projected and displayed in Table 6.6, 
where the first section showed the performance of pure breeds and the second showed the best-
performed genotypes and their predicted performance. 
Table 6.6 The best-performed genotypes and their predicted merits from the 
LitSize and Bulk models for ClassNZ* 
LitSize (Iamb} Bulk (cm3/g} 
Breeding system Genoty~e Merit Genoty~e Merit 
Pure breeding Romney 1.47 Romney 21.01 
Texel 1.25 Texel 31.46 
Finn 2.18 Finn 21.55 
Merino 1.08 Merino 28.45 
Best 2-breed cross Romney x Finn 1.77 Merino x Texel 32.57 
Best 2-breed rotation Romney, Finn 1.96 Texel, Merino 29.56 
Best 2-breed synthetic Romney, Finn 1.86 Texel, Merino 30.58 
Best F2 cross Rom Finn F2 1.96 TexMer F2 30.57 
Best backcross Finn x Rom Finn 2.09 Tex x TexMer 31.21 
Best 3-breed cross Finn x RomTex 1.77 Tex x FinnMer 29.27 
Best 3-breed rotation Romney, Texel, Finn 1.68 Texel, Finn, Merino 28.70 
Best 3-breed synthetic Romney, Texel, Finn 1.67 Texel, Finn, Merino 28.35 
Best AC x BC cross 1 Rom Finn x TexFinn 1.90 RomTex x TexMer 30.12 
Best 4-breed cross RomTex x FinnMer 1.58 Rom Finn x TexMer 28.90 
*: See Section 4.2.1 for genotype name convention 
1: AC x BC cross: a cross where three pure breeds are involved and one breed was part of both the sire 
and dam genotypes 
The predicted performance for the 4-breed rotation and synthetic were 1.55 and 1.54 
lambs, respectively, on LitSize, and 27.31 and 26.98 g/cm2, respectively, on Bulk. Within each 
of the two traits in Table 6.6, the 4-breed rotation and synthetic systems showed no advantage 
over the other crossbreeding systems listed. 
Based on the predicted merits (Table 6.6) and other factors such as flock availability, 
trait level decisions on the adoption of suitable crossbreeding systems for a particular farm class 
could be made. For example, to improve LitSize at farms located in ClassNZ, Finn x RomFinn 
or RomFinn F2 crosses could be the most appropriate solutions if Finn and Romney flocks are 
available. Similarly, to improve Bulk, Texel and Merino first and back crosses should be 
chosen if the Texel and Merino flocks are available. However, the value of other traits in such 
crosses would also need to be assessed to determine the overall merit of a cross. This was 
discussed in Section 6.3.4. 
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6.3.4 Evaluation of different crossbreeding systems 
Different crossbreeding systems should be evaluated based on their economic returns 
rather than just the performance on a trait or a set of traits, in order to generate decision-oriented 
suggestions for the DSS (Section 1.1). To do that, the corresponding economic weight for each 
trait under consideration needs to be calculated first. These economic weights are market-
derived and therefore subject to change with time. Once the weights are available, it is easy to 
calculate an aggregate return for each genotype in a crossbreeding system (Equation 6.5) using 
the predicted trait merits (Sections 6.3.2.3 and 6.3.3.3) and the trait economic weight. 
Table 6.7 Genotypes with top economic returns within each breeding 
system at given trait economic weights for ClassNZ* 
I 
Breeding system 
Pure breeding 
Two-breed cross 
Two-breed rotation 
Two-breed synthetic 
F2 cross 
Backcross 
Three-breed cross 
Three-breed rotation 
Three-breed synthetic 
AC x BC cross 
Genotype 
Romney 
Texel 
Finn 
Merino 
Finn x Texel 
Texel x Finn 
Merino x Texel 
Texel x Merino 
Texel, Finn 
Texel, Merino 
Texel, Finn 
Texel, Merino 
TexFinn F2 
TexMer F2 
Tex x TexFinn 
Tex x TexMer 
Finn x TexFinn 
Tex x RomTex 
Tex x FinnMer 
Finn x TexMer 
Tex x Rom Finn 
Texel, Finn, Merino 
Romney, Texel, ·Finn 
Texel, Finn, Merino 
Romney, Texel, Finn 
TexFinn x TexMer 
RomTex x TexFinn 
TexFinn x FinnMer 
Economic 
return ($) 
15.72 
22.34 
20.62 
17.64 
23.14 
23.09 
21.75 
21.51 
21.65 
20.16 
22.43 
20.94 
22.55 
21.06 
22.97 
22.18 
22.14 
21.64 
22.55 
22.16 
22.01 
21.82 
21.18 
21.46 
20.82 
22.17 
21.85 
21.73 
Four-breed cross RomMer x TexFinn 21.14 
Rom Finn x TexMer 21.04 
RomTex x FinnMer 21.02 
Four-breed rotation Romney, Texel, Finn, Merino 20.84 
Four-breed synthetic Romney, Texel, Finn, Merino 20.50 
*: See Section 4.2.1 for genotype name convention; arbitrary economic weights 
assigned are: 0.45 for WWT, 0.25 for LitSize and 0.35 for Bulk; genotypes in bold 
are unlikely to happen in the NZ sheep industry 
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However, how to define the appropriate economic weights for the traits under 
consideration is beyond the scope of this thesis. Consequently, arbitrary economic weights 
were assigned to the three traits covered in this study (0.45 for WWT, 0.25 for LitSize and 0.35 
for Bulk), in order to demonstrate the principals used, ie, the algorithm used in the DSS and 
other studies (Cottle et al. 2001; Kinghorn 1997; Kinghorn and Atkins 1987). It should be 
noted that additional risks incurred when incorporating economic weights into the evaluation 
because these weights are also estimates with associated distribution functions. 
The calculated economic returns at ClassNZ were ranked and the top ones within each 
crossbreeding system are displayed in Table 6.7. This procedure was unable to be performed 
with the genotypes for Class 5 because no prediction could be made in this class for LitSize and 
Bulk. 
With the given economic weights, the Texel and Romney had the highest and lowest 
aggregate returns respectively among the four pure breeds (Table 6.7). Consequently, the 
crossbred genotypes derived from Texel or Romney had the highest or lowest chance to be 
listed in the table, since the averaged heterosis parameters were used within a model. The 
genotypes derived from crosses between Finn and Texel, displayed in bold in Table 6.7, had 
higher returns than the remaining genotypes within each group. However, it should be noted 
that the two-breed crosses between Finn and Texel are unlikely to be used as the crossbreeding 
dams in the NZ sheep industry, because both breeds are imported with only a small number of 
progeny available to the industry (Section 2.1). It is still possible to use FinnTex or TexFinn 
progeny as crossbred sires, as only a few of their male progeny are required in this case. 
Decisions on choosing appropriate crossbreeding systems at ClassNZ could therefore be 
based on the results presented in Table 6.7. For example, if Texel, Finn and Merino are 
available on a farm where Merino is the base ewe flock, a three-breed crossing system could be 
a good choice using either Tex x FinnMer or Finn x TexMer. These results, together with the 
others displayed in Section 6.3.2, formed the body of the decision-oriented information that can 
be provided to the DSS users for decision-making. 
However, there are other factors that also affect crossbreeding profits such as breed 
availability, farm capacity and associated costs (Section 2.3.7). These factors should also be 
considered when making decisions. They should be studied and incorporated into the DSS, 
once relevant information becomes available in the future. 
6.4 Discussion 
A number of stages were involved in this simulation study, including fitting the 
distribution functions to the estimates of crossbreeding parameters, setting up the simulation 
model, simulating, analysing simulation results and adjusting input distribution functions, and 
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monitoring output results. Algorithms were developed for each stage. Issues that developed 
during the simulation were addressed appropriately and solutions developed. 
Defining input distribution functions for the crossbreeding parameters is crucial to the 
simulation because the uncertainties in the parameters are formulated into these functions. 
Therefore, how well the distribution functions represent the actual data of the parameters, in 
fact, determines the simulation quality. In this simulation study, two problems occurred at this 
stage: no data could be used to define the am distribution functions; and a number of ad 
distribution functions had almost zero associated standard deviations. 
The second problem was easily dealt with through assigning arbitrary standard 
deviations values to the ad functions in order to represent a wider distribution range. These 
modified functions were tested in the simulation and re-adjusted according to the simulation 
, 
results in each run until the simulation was completed satisfactorily. However, expertise in 
sheep breeding was required for defining distributions for the am effects, with reference to their 
corresponding ad distributions functions, while considering the restriction that the sum of am 
effects is zero (Section 5.2.2). For example, on LitSize, the Finn should have an am effect 
higher than the m value, whereas the Romney, Texel and Merino could have am effects close to 
the m value (Table 6.5). However, because these arbitrary definitions (even though expertise 
was incorporated) were used in the simulation, the results produced from this study should be 
treated as approximate solutions to the simulated problems, which is also why risk analysis has 
been used in the study. 
When setting up the simulation model, MD was chosen as the major monitoring 
variable for the simulation model and a certain criterion was defined for it. This is, in fact, a 
simple solution when only a certain set of target data were concerned, given the assumption that 
the linear SDM is sufficient to predict crossbred performance. Other sophisticated monitoring 
variables could be used instead in future study of this topic where different targets are used and 
more factors are taken into account. The MD criterion in each simulation actually defined the 
tolerance level of the maximum deviation of the predicted values from the corresponding target 
or actual values. Therefore, the histograms of the MD (Figures 6.1 to 6.4) showed the 
probabilities that MD were withinlbeyond the tolerance level, ie, the risk level of the model 
met/failed the criterion. It is the DSS users' responsibility to decide if the MD results are too 
risky in practice. 
In the simulation study, the target data determined the parameter values to a large extent 
because the parameter distributions were validated against the targets. In other words, the 
current simulation solutions may theoretically be suitable only for the target data set at certain 
MD risk levels. Therefore, the accuracy of target data is critical to the accuracy of the resultant 
parameters and, consequently, the predicted merits of the crossbred genotypes in a model. 
Biased target values could not only cause the model MD to be too high to meet the setting 
121 
criterion (Section 6.3.2.1), but also lead to poor solutions to the model even when the MD 
criterion was met in the simulation. Consequently, it is always a good idea to check the quality 
of the target data first before the simulation starts. From this viewpoint, there is actually no 
correct or wrong answer to a simulation model as long as the theoretical rules have been met 
and algorithms have been used properly. On the other hand, the simulation algorithms actually 
offered users the flexibility to produce their own sets of crossbreeding parameters and predicted 
values for making decisions whenever they have their own crossbreeding data available as 
target values for a simulation. This can be very useful to breeders who want to make decisions 
based on the information from their own farms with reference to the information generalised for 
the corresponding farm class (Section 5.4.1). 
As the simplified version of the dominance model, the SDM worked efficiently in the 
simulation study under the assumptions stated in Section 6.2.5. These assumptions were 
necessary to make the SDM feasible at predicting crossbred performance in the situations where 
only minimum information was available. However, biases could have occurred in the 
predicted results if the dd and dm values were unable to represent the individual dij and dmij 
effects satisfactorily. 
The espistatic, cytoplasmatic, paternal and grandmaternal effects were simply ignored 
and therefore not estimated in this study, even though they might be important in some cases. 
These effects can be incorporated into the simulation but the model is no longer a SDM which 
needs to be replaced with other genetic models such as the Kinghorn Model (Sections 2.14.2 
and 5.2.2). The specific year effects on different crossbreeding systems can also be modelled in 
the simulation once information is available. 
The design matrix used in this study (Appendix 5) is suitable only to the structured 
crossbreeding systems based on the current genetic theories (Section 2.13). It is sufficient for 
this study to produce and validate the predefined crossbreeding parameters. However, it may 
need to be extended to allow prediction of the performance merits of user-defined crossbred 
genotypes if that is required in the DSS. 
The simulated results, ie, the validated crossbreeding parameters, the predicted trait 
merits for each genotype, and the evaluation report on different crossbreeding systems (when 
the true rather than arbitrary economic weights are used), are the decision-oriented information 
that the DSS can provide to users. These results, although they were point values (Sections 
6.3.2 and 6.3.3) at certain risk levels and not optimised, explored some of the information gaps 
in sheep crossbreeding (Section 2.4), and could therefore be useful to sheep breeders for their 
crossbreeding decisions. Optimisation could have been done to the simulation models using a 
specific program called RISKOptimizer, but this is only available in the @Risk Industrial 
version (Palisade 2002). This option could be considered in further studies of this topic if more 
funding became available to purchase RISKbptimizer. 
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ill this study only the WWT simulation could be performed for Class 5. Therefore, the 
final evaluation on different crossbreeding systems was unable to be undertaken for this class. 
Technically, the simulation can also be undertaken for LitSize and Bulk for Class 5 by applying 
the distribution functions from ClassNZ and using the same algorithms if a set of arbitrary target 
data can be defined. However, given the uncertainty in the accuracy of the arbitrary target data, 
the likely results are not necessarily better than those for ClassNZ. Considering that the 
crossbreeding data categorised for Class 5 have also been used in ClassNZ for the whole thesis 
study, it is worthwhile using the predicted results for ClassNZ, to help users in Class 5, before 
adequate information becomes available for Class 5. However, caution is needed since the 
differences between the two classes can be significant from case to case (Sections 6.3.2.2 and 
6.3.2.3). Given Class 5 is the class that currently has the most crossbreeding data available 
from among the NZ farm classes 1 to 8 (Section 4.2.3) (Wei et al. 2001), it is highly likely that 
a similar situation may occur in other classes. 
Nevertheless, all simulated results should be tested in real crossbreeding trials and/or 
farm practices and the fresh data can then be incorporated into the simulation study in order to 
produce better predictions. ill fact, this process should generally be open-ended and iterative. 
At each stage of the process, the simulated results, within the scope that is defined in the DSS, 
can be integrated into the DSS (Figure 1.1). Consequently, the DSS should always be able to 
produce better suggestions to the users to assist with sheep crossbreeding practices than 
previous versions. Further discussion about how to integrate the simulation model and 
algorithms into the DSS will be covered in Chapter 7. 
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Chapter 7 
General discussion 
7.1 Contributions to the DSS 
The DSS (Cottle et al. 2001), is essentially an interface between crossbreeding theories 
and farm practices. One of its fundamental aims is to explicitly and seamlessly combine local 
crossbreeding data, and then produce valid and quality decision-oriented information to the 
decision makers (Sections 1.1 and 2.5). This thesis study, as part of tpe DSS project, has 
endeavoured to make a number of contributions to the DSS, following on from the DSS 
development strategy (Section 2.6). These contributions can be loosely categorised into three 
different areas: data mining and analysing, algorithm development, and computing tool 
development: 
1. Data mining and analysing: 
a. Reviewed published NZ literature in sheep crossbreeding from 1972 to 
2000 and identified useful data from local sheep crossbreeding trials, as 
well as the information gaps (Chapter 2). 
b. (i) Collated the identified data and farm data from local sheep 
crossbreeding trials, as much as possible. (ii) Collated published 
heterosis estimates from worldwide literature in sheep crossbreeding 
(Chapter 4). 
c. Analysed and generated regional means (Chapter 4) 
d. Estimated crossbreeding parameters (Chapter 5). 
e. Predicted performance merits for the traits and breed combinations 
covered in the simulation stud~ (Chapter 6). 
2. Algorithm and methodology development: 
a. Developed the meta-analysis algorithms for merging the replicated 
crossbreeding data to calculate overall effect sizes (Chapters 2 and 4). 
b. Developed the algorithms for analysing large numbers of crossbreeding 
plans automatically and efficiently (Chapter 5). 
c. Developed the simulation algorithms to perform risk analysis and 
prediction of crossbreeding performance (Chapter 6). 
3. Computing tool development: 
a. Developed the sheep crossbreeding database to store the collated data. 
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b. Developed the HeterosisEstimator program to perform the task of 
estimating crossbreeding parameters. 
c. Developed the simulation model for the simulation study. 
The crossbreeding information in the NZ sheep industry has been extended through this 
study. Since the major data source of the study is the published literature, where data have 
seldom been reused quantitatively after publishing, these results can also be considered as a 
source of increased information to NZ sheep breeders. Apart from these contributions, this 
thesis also demonstrated, throughout the study, different ways of handling sparse data and the 
techniques of approximation. 
Some of this work, such as the latest estimates of crossbreeding parameters, the 
HeterosisEsimator and simulated results, were unable to be incorporated into the first version of 
the DSS as they were still under development at the time the DSS was released. These could be 
integrated in the further development of the DSS (Section 7.3). 
7.2 Advantages and disadvantages of the algorithms and tools 
There is a hierarchy of data flow in this study, based on the extent of the data 
generalisation (Figure 1.1). The first (lowest) layer is the raw data, ie, the trait performance 
records for each animal in a crossbreeding trial. The raw data, after standard statistical analyses, 
produced the least squares means and associated standard errors at the local level, which are 
then the data at the second layer. The local means were then generalised into regional means 
after meta-analyses and become the third layer. The crossbreeding parameters, estimated from 
the regional means are the fourth layer. Finally, the validated parameters and predicted merits 
of crossbred genotypes are at the top layer of the hierarchy. 
Validated Darameters 
Estimated Darameters 
3 Reaional means 
Local means 
2 
1 
Figure 7.1 The hierarchy of the data flow in this study 
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Within this hierarchy, the data flow from the second to the third layer, ie, the 
generalisation of the local means into regional means, is crucial to the whole study. This is 
because the regional means were not only used as the input data in the estimation of 
crossbreeding parameters but also as the target data in the simulation study. In this context, the 
quality of the data generalisation (meta-analysis) determined the quality of the decision-oriented 
information produced from the DSS. However, given the limited number of input means within 
farm classes 5 to 7 (Table 4.6) and, consequently, the inadequate replicated records for each 
genotype under consideration, the regional means produced from the meta-analyses could only 
be regarded as preliminary results (Section 4.4.1). The usefulness of the meta-analysis 
algorithm appeared to be inevitably limited by the data availability. Some of the extreme 
estimates produced from the meta-analyses were detected in the simulation study (Section 
6.3.2.1). 
Unfortunately, this problem cannot easily be solved unless more local data can be 
accumulated in the future to the extent that adequate replicated measurements can be acquired 
and used to perform better quality meta-analyses. Considering that crossbreeding trials are 
generally expensive and time consuming, it is unrealistic to expect the data accumulation to 
happen soon. Therefore, the data generalisation process should be regarded as open-ended and 
iterative. At each iteration of the process, fresh local data can be collated into the DSS database 
in a predetermined time period, and then the updated local data re-analysed and the resultant 
regional means updated. Because of this, the processes of estimation of crossbreeding 
parameters and prediction of crossbred performance (Section 6.4), and consequently, the DSS 
itself, should also be regarded as open-ended and iterative (Newman et al. 2000a). 
Therefore, extra functionality in the DSS database is expected to allow data to be 
updated dynamically. The current database version is capable of updating the local data 
satisfactorily. However, the regional means were not actually stored in the database at this stage 
because a DSS tool where the meta-analysis algorithms and routines could be implemented to 
perform the analytical tasks has not yet been developed. This needs to be considered in further 
development of the DSS. The Self-relationship between BreedID and SireID or DamID 
. implemented in the DSS database (Sections 3.3.1), is very important to this whole work. It is 
the key to determining the crossbreeding type (eg, first, second, and further crosses) and 
corresponding sire and dam breeds for each genotype defined in the database and, consequently, 
ensures the HeterosisEstimator program (Appendix 3, Section 5.2.4) will work correctly. 
Crossbreeding parameters were treated as fixed factors in the linear weighted least 
squares model (Sections 5.2.2 and 5.2.3). This is because the pure breeds involved in a 
crossbreeding trial are closed populations and the number of the breeds may be small 
(Komender and Hoeschele 1989). For the same reason, the crossbred genotype groups 
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originating from the pure breeds should be considered as fixed to the particular crossbreeding 
trial/plan. In other words, the resultant crossbreeding parameters are suitable only for the 
particular trial/plan analysed. 
The major problem in estimating the crossbreeding effects in this study is that the 
number of genotypes with data available was always less or much less than the number of 
crossbreeding parameters that should be estimated. Although the simplest dominance model 
(Section 5.2.2) with the lowest number of parameters was chosen in this study, it was still 
impossible to estimate all parameters of the model simultaneously (Section 5.3.1), due to 
insufficient input data for the genotypes within the model. This consequently resulted in 
uncertainties in two areas: (i) the effect sizes of the parameters that were unable to be estimated 
remained unknown; (ii) how these parameters would affect the existing estimates of the 
parameters (Section 6.1). Therefore, a simulation approach was taken to deal with the 
uncertainties in order to validate the parameter estimates and yield quality predictions of 
crossbred performance. 
Only a small study scope was chosen in the simulation study to demonstrate the 
simulation algorithms using risk analysis techniques (Section 6.1). The remaining simulation 
processes can easily be performed using the algorithms developed. The concept of risk comes 
about due to our recognition of uncertainty - our inability to know what the future will bring in 
response to a given action today (Palisade 2002). Risk can be either objective, that can be 
quantified based on theory, experiment, or common sense, or SUbjective, that is quantified using 
your best assessment with new information (Palisade 2002; Vose 2000). In either way of 
quantifying risk, you have to use the best information available. 
However, since the complete information for risk assessment is not always immediately 
available, such as the situation found throughout this study, where information gaps often 
existed, approximations were often inevitable in order to reach the DSS goals, although this 
may mean that someone might disagree with them. In general, the goal of any risk analysis is to 
help the decision-maker choose appropriate actions, given a better understanding of the possible 
outcomes that could occur (Palisade 2002; Vose 2000): Deciding that these actions are risky 
requires personal judgement and, consequently, decisions about risky actions actually depend on 
personal preferences. Therefore, the simulation algorithms developed in this study are 
appropriate and necessary in order to suit the varied needs among the DSS users. 
Of course, when input parameters are not known with complete certainty, eg, the cases 
mentioned in Sections 6.2.4 and 6.3.1, failure of the simulated results to correspond to actual 
production data (Sections 6.3.2.1 and 6.3.3.1), could be caused by using an invalid model, or 
faulty input data, or both (Sanders and Cartwright 1979a; 1979b). This can be rectified as more 
high quality input data (Rae 1952) and, consequently, a better model that is only possible when 
input data are sufficient (Wolf et aZ. 1991), become available. Generally, livestock production 
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is too dynamic, too irregular in its changes, and too different from one operation to another for a 
ranking of management alternatives or genotypes, based on simulation results, to give an 
adequate basis for decisions by producers (Sanders and Cartwright 1979a;1979b). If, however, 
the simulation results cause an increase in knowledge concerning livestock production (sheep 
crossbreeding systems in this context), this increased knowledge (Section 7.1) can obviously 
lead to wiser decisions being made by breeders (Newman et at. 2000a; Rae 1964; Sanders and 
Cartwright 1979b). This goal has obviously been reached in this study, although improvement 
is expected in further studies of this topic. 
7.3 Make the DSS an integrated software package 
In the first version of the DSS, the default input data, including the point values (Section 
6.4) of the means (direct and maternal) for each breed and the heterosis estimates (direct and 
maternal) for each cross, the relative economic values for each trait, and environmental 
adjustments, are organised in a file (datini) (Cottle et at. 2001). The DSS tools developed in 
this study were not integrated into this DSS version. The issues that may be encountered during 
the integration are discussed in this section. 
The DSS database needs to be connected to the DSS directly in order to make it a data 
driven type (Sections 2.5 and 2.6.1). Technically, this is easy to implement by using application 
automation technology, or by linking the database to the DSS software using data controls 
(Halvorson 1998). In fact, the underlying difficulty is not how to connect the database, but to 
develop a program that when user instructions are given, relevant meta-analyses can be 
performed automatically using the algorithms and routines developed in Chapter 4. If this 
program were available, the generalised results could be stored temporarily in the database or 
the DSS memory space. Consequently, the HeterosisEstimator program would be easily 
connected with the database and the estimated crossbreeding parameters would be immediately 
available to the database. Then the database and consequently, the DSS would be able to 
project the required regional means and heterosis estimates to the user, using Reports 2 and 3 as 
defined in the database (Sections 3.4.2.2 and 3.4.2.3). 
Unfortunately, to implement this program for meta-analysis is not an easy task at all. 
This requires a heavy programming workload and good understanding of the statistical 
procedures used (Section 4.2.5), and careful design and implementation of the intelligence 
needed. It was therefore a good choice to leave this program for future development, given that 
the statistical packages, such as Genstat, have been available for easy use. If, however, enough 
funding becomes available in the future, this program should be implemented as soon as 
possible, because it is the bottleneck that reduces the DSS efficiency in processing data flow 
dynamically in response to users' requests. Some numeric libraries and routines to process 
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statistical analysis and matrix calculation, such as the Numerical Algorithm Group (NAG, 
http://www.nag.co.ukl), have been built which should be useful for this task (Buzzi-Ferraris 1993; 
Press et al. 1992; Vetterling et al. 1992). 
To integrate the HeterosisEstimator program into the DSS is easy as only slight changes 
are needed to meet the DSS requirements. Technically, the integration of the simulation model 
into the DSS is not difficult either. However, there are a few issues that need to be dealt with 
properly before this can be put into practice. 
First, @Risk is an expensive and licensed software package. If the simulation model is 
integrated into the DSS, the price ofDSS will need to be increased considerably. Second, it 
could be difficult to implement mechanisms in the DSS that automate the simulation 
procedures, since a lot of interaction from the modeller (or user) have been seen in the 
simulation study, where well-informed guess work and expertise in sheep breeding are needed 
to deal with the information gaps in each simulation (Chapter 6). This difficulty may be eased 
somewhat when more quality data (including the feedback on the simulation results) become 
available. Third, the DSS users will have to be trained properly in order to understand the 
concepts and run the simulation correctly. 
Careful design and the user-centred development policy should be considered 
throughout the integration (Section 2.6). The DSS interface may need to be changed 
accordingly. Other issues, such as iterative prototyping, user training, configuration, delivery, 
maintenance and updating, also need to be considered to avoid any problem that may cause 
failure to the DSS (Sections 2.7 and 2.8) (Newman et ai. 2000a). These will not be discussed 
further here. 
7.4 A few final points 
Generally, prediction of untested crossbred performance has never been easy due to 
enormous amount of uncertainties (Section 5.4.3) (Garrick 2001; Rae 1964). This study, and 
the DSS, is just one approach to the problem, based on 'the accumulated information in sheep 
crossbreeding in NZ, current crossbreeding theories and the available modem computing 
technologies, but is not exhaustive by all means. Prediction accuracy can be expected to 
increase gradually as more information and more studies accumulate in the future. This process 
may be accelerated if well-designed, cost-effective crossbreeding experiments, which assimilate 
the results from previous studies (eg. this study) can be undertaken so that their results can be 
utilised wisely (SOlkner 1991; SOlkner and James 1990a;1990b;1990c). 
It is well known that different environments and management systems can affect the 
expression of heterosis considerably (Bourdon 1998; Kinghorn 1987a; Price 1998). However, 
the genotype x environment interaction can only be studied properly in well-designed trials 
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performed simultaneously across different environments, which are unlikely to happen in 
practice simply because of the high costs associated with them. To get around the problem, the 
genotype x environment interaction was addressed simply in this study by introducing the 
definitions of NZ farm classes as the environmental identifiers (Sections 3.2.4.2 and 4.2.3), used 
throughout the thesis. It is realised that this is a less than perfect solution (Section 4.4.1), and 
consequently, subject to further modification. 
It is implied in this study that the DSS will be restricted to sheep crossbreeding, such as 
prime lamb production. Therefore, only crossbreeding is discussed in the study. However, it is 
also realized that crossbreeding is just one of the tools available to sheep breeders and it can 
work even more efficiently in conjunction with the other major tools such as selection 
(Kinghorn 1986;1987a; Press et ai. 1992). This can be done by either simply incorporating 
crossbreeding effects into a mixed selection index where cost factors related to the running of 
the breeding program (Kinghorn 1986;1987a), or using the mixed-model methodology 
(Komender and Hoeschele 1989), in order to bring crossbreeding effects down to the individual 
animal level so as to consider them simultaneously. This can be considered together with other 
national sheep breeding projects such as the SIL database project (Garrick et ai. 2000; Garrick 
et ai. 1992; Geenty 2000; Newman et ai. 2000b) but will not be discussed further here. 
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7.5 Conclusions 
The following conclusions are drawn from this thesis work: 
1. This study has made contributions to improve the understanding of sheep 
crossbreeding in NZ as a whole, including the systematic review of published 
literature and collation of identified results, the approach for combing local data 
to allow estimates of underlying crossbreeding parameters to be obtained, and 
their incorporation into a simulation model using genetic prediction algorithms 
and risk analysis procedures to evaluate variations in crossbred performance 
predictions. 
2. Useful algorithms and tools have been developed for the DSS, including the 
algorithm of transferring sparse reported results to structured information, the 
well designed and functional database, the meta-analysis algorithms, the 
algorithms and HeterosisEstimator program for estimating crossbreeding 
parameters, and the algorithms and simulation model for risk analysis and 
crossbred performance prediction. These are important to the DSS and can be 
incorporated into the DSS in the future after further modification. 
3. The DSS, as a whole, is a good solution to the problem of a lack of quality 
decision oriented information in crossbreeding in the NZ sheep industry, and is 
a good tool to help sheep breeders with their crossbreeding practice. 
4. The whole study is a new approach to explore some of the consequences of 
inadequate knowledge based on previous work. The crossbreeding information 
in the NZsheep industry has been extended through the study. 
5. Merging the local sheep crossbreeding data into regional means is cruCial to the 
entire study. This is an open-ended and iterative process, as are the estimation 
and simulation/prediction processes. 
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Appendix 1 
Methodology of variance conversion 
The methods used to convert different variance formats adopted in literature to standard 
error of mean (SEM) (Section 4.2.3), are explained in this appendix. Notations used are: 
• SD (0'): stand deviation, describes the deviation range to the sample mean 
• SE: stand error, describes the accuracy of the mean and has two statistics: 
• SEM (see above) 
• SED: standard error of difference between the means 
• LSD: least significant difference 
• Ni: the observation number of ith sample 
• X : the sample mean, unbiased estimate of the population mean )..l 
From SD to SEM 
Normally, 
SD = L(X; - X)2 
N-l 
(Formula ALI) SD SEM =.IN (Formula A1.2) 
When there are more than one sub samples and SD stands for the pooled standard 
deviation, 
SEM. = SD 
'IN; (Formula A 1.3) 
From SED to SEM 
Normally, 
~l SED = SD * - + - (assume Nl not equal to N2) (Formula AI.4) N J N2 
Once SD is calculated, SEMi can be calculated using Formula 3. 
If N J equals to N2, 
SEM = SEIj.J2 (Formula A1.5) 
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The problem will occur if N 1 is not equal to N2, N3, .. Nj, and all that is available is the 
'average' SED, which is sometimes given in the literature. If the Ns are approximately equal, 
then the average N value will be used in the calculations as described above. ill this case, if the 
Ns are rather large, say 15, then the error in the calculations will not be consequential. 
However, if the N values vary widely, say between 3 and 30, then the average N value 
would not represent the Ns well because the 3 will influence the calculations more than 30 and 
that the 1/3 + 1/30 is actually close to 1/3. Approximation will be given as appropriate as 
possible by looking closely at the actual data to cope with this case. 
From LSD to SEM 
When the general ('average') SED and significance test results were given, it is possible 
to back solve the SEMs using t statistics for ex = 0.05 or 0.01 (two tailed) as follows: 
LSD = t * SED (Formula A1.6) 
Once SED is calculated, SEM is easily to calculate using methods mentioned above. 
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Appendix 2 
Mid-side wool sample measurement methods 
The major references of this appendix are the lab instructions of WOSC 203 (Wool 
Marketing and Technology) and WOSC 305 (advanced Wool Marketing and Technology) 
taught in Lincoln University, Lincoln University Wool Manual (Ross 1990) and Objective 
Measurement of New Zealand Wool (in The New Zealand Wool Industry Manual 1996). 
Sample preparation and scouring 
Mid-side wool samples were stored for at least one day in a controlled environment 
room at the Wool Measurement Service, Division of Animal and Food Sciences, Lincoln 
University (WMSLU), in a standard atmosphere of 20 ± 1°C and 65 ± 2% relative humidity, 
prior to measurement. 
Randomly select approximately 30 grams of the greasy wool and weighed exactly on a 
two-figure top-loading balance (sub-sample weight varied from 20 to 40 grams depending on 
the amount of mid-side samples supplied by farmers). Record the weight appropriately for 
washing yielli measurement. Then use a waterproof felt marking pen to identify the sample and 
place the sample and its tag in a separate terylene scouring bag. 
Each wool sample is opened in the opener and placed on the tape of A.B.I. Mini-Tape 
Wool Scour, an automatic sample scour. The tape transports the wool samples through four 36-
litre scouring bowls and sets of squeeze presses with the residence time in each bowl about 2 to 
4 minutes. The first three bowls are for washing using 50, 25 and 25 millilitres of Teric GN9 
non-ionic detergent (ICI (NZ) Ltd, Hornby, New Zealand), in the first, second and third bowls 
respectively. The samples are rinsed in the final bowl. Water temperature is thermostatically 
controlled at 65°C to avoid causing some wools to turn yellow. 
When the samples bags come out of the fourth and final squeeze press, they are spin in 
the spin dryer for five minutes. Samples are dried on the C.S.I.R.O. Direct Reading, Regan 
Tester Dryer for 30 minutes at 60°C, as wool colour is to be measured. Samples are then 
weighed on the balance in the scour room, immediately from the dryer. Record this weight and 
re-place the sample on the dryer for five minutes. Reweigh the sample. If the change in weight 
exceeds 0.01 g then repeat the five minutes drying until the weight stabilises. Record the final, 
stable weight. 
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Tease each sample apart to enable the air to circulate freely from conditioning. Place 
each sample in a conditioning basket in the condition room and allow the samples to condition 
for at least 48 hours. The washing yield (%) of each sample is then calculated by: 
. Id Weight(oven dry) *116(' . ) Yze = - . mOlsture _ regazn 
Weight(greasy _ conditioned) 
Wool colour measurement 
The wool measurement method used here is based on an adaptation of New Zealand 
Standard Method (NZS 8707: 1984), which was developed for measuring core samples and uses 
a Hunterlab Colorimeter. In this research, a Datacolor CS-3 Reflectance Spectrophotometer 
(also called CS-3 Chroma Sensor, produced by Datacolor International, Lawrenceville, N.J., 
USA) was used for measuring mid-side samples. 
In the beginning of each series of colour measurement, the CS-3 Chroma Sensor needs 
to be calibrated following the standard routines specified in the instrument user manual, 
including measuring the standard pure white and standard pure black once each, and the 
standard sample for wool colour measurement four times. 
The conditioned, scoured wool samples need to be checked carefully to ensure that the 
vegetable matter is removed completely. Two 2.5 ± 0.1 g subsamples are weighed out from 
each conditioned scoured samples and loaded in two measurement chambers. One chamber is 
placed at the observer porthole, with the glass end of the chamber facing towards the light 
source, secured in place with the spring-loaded clamp of the Sensor, and then measured. This 
will initiate the measurement of the first of the four readings. The wool is then removed from 
the chamber, turned so that a different face could be measured and put back to the chamber for 
the second reading. Repeat these steps to measure the subsample in the second chamber for the 
third and fourth readings. The results of the four readings are averaged. Only the average 
values are reported. 
Loose wool bulk measurement 
The conditioned, scoured wool samples are carded in a carding machine. Vegetable 
matter is carefully removed from the relaxed, carded wool samples. Loose wool bulk is 
measured on these vegetable matter free samples using the Wool Research Organisation of New 
Zealand (WRONZ) Fibre Bulkmeter. The following steps are involved in the measurement: 
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1. Weigh a subsample of 10.00 g of the relaxed, conditioned, carded, vegetable 
matter free wool, on a two-figure top-loading balance. 
2. Load the subs ample in a sausage-shaped roll into the cylinder. 
3. Place the 1000 g weight on the rod of the piston and place the lid on the 
cylinder, with the piston in the 'up' position held by the sample locking device 
at the side of the lid. 
4. Release the lock at a given time and allow the piston to slide gently and 
smoothly through the fingers until it is sitting on the wool. 
5. After 30 seconds read the value through the eyepiece to the nearest 0.5 mm and 
immediately raise the piston and lock it in the 'up' position. Record the value. 
6. Allow the wool to recover for 30 seconds. 
7. Lower the piston onto the wool and read the value through the eyepiec'e after a 
further 30 seconds. Immediately raise the piston and lock it in the 'up' 
position. Read this R30 mm value that should not differ the first value by more 
than 1.5 mm. 
8. Allow the wool to recover for 30 seconds. 
9. Remove the 1000 g weight from the piston. This alters the load to 10 gf/cm2. 
10. Lower the piston (without the weight) onto the wool and read the value after 30 
seconds. Record this RIO mm value. 
11. Calculate the bulk of the sample to one decimal place, by multiplying the RIO 
mm value by 0.5. 
Fibre diameter, fibre diameter coefficient of variation, fibre curvature 
and medullation by Optical Fibre Diameter Analyser (OFDA) Method 
OFDA is an instrument designed to measure mean fibre diameter and distribution of 
fibre diameter records, where microscope images of fibre snippets are recorded by a video 
camera and analysed by image analysis software in a computer. Fibre curvature and 
medullation can also be measured in OFDA simultaneously with the fibre diameter 
measurement using the same sample of fibre snippets, with special settings made in the analysis 
program. OFDA needs to be calibrated in the beginning of each series of measurement of the 
four traits, following the standard routine specified in the instrument user manual including 
measuring four standard slides containing fibre snippets once each. 
Approximately 109 subs ample is selected randomly from each scoured, conditioned, 
carded wool sample. The subsample is placed in the top-loading cylinder of the Anderson and 
Rooney twelve head, 2 mm minicorer, and cored. Carefully slide the snippets into the chamber 
of the OFDA spreader, under which a glass slide is opened and placed. When all snippets have 
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been spread evenly onto the slide, carefully remove the slide and insert it into the microscope 
stage holder. The sample is then ready for measurement. 
The measurement is operated by the OFDA program with an intuitive interface. The 
slide is measured automatically. When measurement is complete, results are printed by the 
OFDA printer immediately and also showed on the computer screen. Two values at the top 
right of the screen need to be checked if (i) Number of fibres ~ 4000; (ii) Density should be 
between approximately 15.0 and 25.0%. If either of them failed, the current sample needs to be 
measured again taking the same steps described. 
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Appendix 3 
Description of HeterosisEstimator 
Introduction 
HeterosisEstimator is a computer program specifically developed for the sheep 
crossbreeding DSS to automate the estimation of crossbreeding parameters, based on existing 
program package named Crossbreeding Effects (CBE) (Section 5.2.4). The target users of CBE 
are participants in animal breeding and genetics who know what they are doing with CBE (Wolf 
1996). In other words, CBE users should know how to define a crossbreeding plan, choose 
right parameters to be estimated and be able to verify the results according to their expertise in 
the crossbreeding areas. 
However, since the target users of the DSS include those who have limited knowledge 
in sheep crossbreeding theories, simplification is therefore required in HeterosisEstimator to 
take over the tasks mentioned above in order to make it easy to use. Consequently, it was 
implemented to meet new requirements below while keeping the functionality of estimating 
crossbreeding effects: 
• To be compatible with other DSS tools such as a MS Access database. 
• To automate the processes of forming pedigree matrix, reading available inputs, 
writing results to both MS Excel worksheets and text file, in order to improve 
convenience and speed of the program. 
• To implement mechanisms to allow multiple analyses to be performed 
simultaneously, in order to easily manipulate a large number of analyses. 
The first version of the program incorporated only a simple genetic model (Kinghorn 
1987b) and the statistical method of weighted least squares to simplify the implementation 
because they are sufficient to current data resources (~ection 5.2.2). It can be extended to 
incorporate the other genetic models and statistical routines when necessary. A simple window 
interface was provided to ensure easy to use. Further modification is needed before its 
incorporation into the DSS can be considered. 
Overview of the program 
1 System requirements 
The program was developed in Microsoft Windows environment as a 32-bit program. 
The following requirements should be satisfied in order to run the program properly: 
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• Microsoft Windows 95 or higher, or Windows NT 4.0 or higher 
• 32 MB installed memory 
• Microsoft Excel 2000 
2 Installation and enclosed files 
All files needed to run the program are stored in a file folder named "Program". You 
just need to copy the whole folder to your working directory to install. After that, you can run 
the program by simply double clicking on HeterosisEstimator.exe program file. 
Properties of the files enclosed in the program are listed below: 
Table A3.1 Pro~erties of the files enclosed in the ~rogram 
Filename Fixed path Input Output Editable Delete allowed? 
2Bparameters.xls .. /Program No Yes Yes • No 
3Bparameters.xls .. /Program No Yes Yes • No 
4Bparameters.xls .. /Program No Yes Yes • No 
TestResulttxt .. /Program No Yes Yes • No 
Test3BResulttxt .. /Program No Yes Yes • No 
HeterosisEstimator.exe .. /Program No No No No 
Breed.txt .. /Program Yes No No No 
Traittxt .. /Program Yes No No No 
ChiTable.txt .. /Program Yes No No No 
*.txt · ./ProgramlMeans/Class5 Yes No Yes •• Yes 
*.txt · ./ProgramlMeans/Class6 Yes No Yes •• Yes 
*.txt .. /ProgramlMeans/Class7 Yes No Yes 
_. 
Yes 
*.txt · ./ProgramlMeans/ClassNZ Yes No Yes •• Yes 
*: Column headings should not be changed **: Fixed format for reading data 
3 Analysis routines and algorithms 
A typical run of the program to solve a single crossbreeding plan is explained as 
follows. When the program is running, user is asked to input information of farm class, trait 
and a number of pure breeds (at least two). Program then searches the relevant available 
genotypes (ie, pure breeds, first, second and further crosses) from the Breed.txt file using SireID 
and DamID attributes. The breed list was extracted from the sheep crossbreeding database 
(Chapter 3). 
Data are then read into the program from a fixed location specified by the farm class, 
trait name and system location. After that, a look up table will be set up through checking if 
each available genotype had data available and the actual data list will be formed for this run. 
The program then compiles a pedigree matrix for current crossbreeding model. 
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Up to this point, the program will take different routines to handle crossbreeding plans 
involving two or more pure breeds where different sets of parameters will be calculated. 
For two breed plans, the design X matrix (Model 5.1) will be set up for 
reparametrization (Section 2.14). The proposed new parameters, which are the ones for output, 
are validated according to data availability. For three or four breed plans, the X matrix will be 
set up using a different algorithm to deal with a larger number of output parameters than a two 
breed plan. 
Once the X matrix is set up, it is used to calculate the final results using the weighted 
least squares approach together with the other input data. During this process, the X matrix will 
be recomposed according to model capability in estimating a set of parameters which is decided 
by the input data. Finally, the model is solved and results will be written to an output file. 
Mechanism for solving all possible crossbreeding plans in one go has also been 
implemented in the program. The algorithm behind is simple: for each combination of trait and 
farm class, run the program on a unique breed combination from two breeds, to three breeds and 
then four breeds, once a step, following the routines mentioned above. But no user input is 
needed in this process. Results will be stored in Excel worksheets for handy analyses of the 
output parameters. This mechanism can be very useful for the DSS when fresh data are added 
in and new analyses are required for the whole system. 
4 Robustness 
The program has been heavily tested against CBE using the same datasets produced in 
Chapter 4. It appears to be robust and produces the similar results as CBE when the same set of 
parameters was chosen. 
However, some unusual results (Sections 5.3.3 and 5.4.2) were still produced 
occasionally, although a lot of efforts have been made to prevent this kind of results happening 
during the program implementation. Generally, inadequate input information for the resultant 
parameter estimates was the main reason for this. Two examples are given below to explain this 
point. 
The first example is displayed in Tables A3.2_1 and A3.2_2. The resultant parameters 
from a three-breed model on trait weaning weight, formed by pure breeds Romney (index 1), 
Texel (index 2) and Coopworth (index 3). Parameter 'd2x3' was 11.50 kg mentioned in Section 
5.3.3 as an unusual estimate. 
As can be seen from the two tables, both the sum of aI, a2, a3 and the sum of amI, am2 
and am3 are zero, which matches the Condition 3 in Section 5.2.2, and the estimated means 
match the input means very well. Therefore, the statistical model worked correctly as expected. 
However, taking a close look at column "Generation" in Table A3.2_2, it could be 
found that Texel was never mated as a dam breed, but its additive maternal effect was estimated 
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as 7.78 (am2 in Table A3.2_1) by the program. What happened is that the program detected the 
maternal heterosis between Romney and Texel could be estimated because there were data 
available for three further crosses derived from them. But to estimate maternal heterosis, 
additi ve maternal effects for the pure breeds need to be calculated first. Therefore, the program 
estimated the additive maternal effects and consequently adjusted the other parameters in order 
to match the input means, although information for Texel maternal performance was lacking. 
Table A3.2 1 Parameters ~roduced for a three-breed model on WWT1 
Parameter No Parameter Estimate SO Significance 
m 23.19 2.05 ** 
2 a2 -1.80 9.56 ns 
3 a3 -3.19 5.22 ns 
4 d1x2 9.82 7.21 ns 
5 d1x3 4.80 1.63 ** 
6 d2x3 11.50 7.68 ns 
7 am2 7.78 10.39 ns 
8 am3 1.07 5.58 ns 
9 dm1x2 -3.93 4.09 ns 
10 a1 4.99 4.87 ns 
11 am1 -8.85 5.27 
, :chi"2 = 1.12E-04 ns df = 1 ; df: degree of freedom; 
ns 
** : P<0.01 ; ns : not significant; See Section 5.2.2 for parameter notations 
TableA3.2 2 Estimated means vs observed means 
Observed Estimated 
Index Generation Mean Mean Deviation 
1 Romney 19.33 19.33 1.77E-03 
2 Texel 29.16 29.16 -6.50E-04 
3 Coopworth 21.08 21.08 2.59E-04 
4 TexRom 25.76 25.75 5.24E-03 
5 Coop Rom 20.03 20.03 5.87E-04 
6 TexCoop 33.26 33.26 -4.46E-04 
7 RomCoop 29.96 29.96 . 4.88E-04 
8 Tex(TexRom) 23.53 23.53 3.05E-05 
9 (TexRom)Rom 22.53 22.54 -1.10E-02 
10 TexRomF2 25.23 25.23 9.96E-04 
The second example is about another three breed model on FW12, formed by Romney, 
Coopworth and Oxford Down. The results are displayed in Tables A3.3_1 and A3.3_2. The 
problem here is obvious: data for purebred Coopworth and Oxford Down on FW12 were 
missing. In this case, the program still worked out the additive effects for these two breeds but 
the results were obviously biased. These results were not reported in Chapter 5. 
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Table A3.3 1 Parameters produced for a 3-breed model on FW121 
Parameter No Parameter Estimate SO Significance 
m 3.22 0.07 ** 
2 a2 -3.75 62.55 ns 
3 a3 6.66 62.55 ns 
4 d1x2 4.38 31.27 ns 
5 al -2.91 0.07 ** 
, :Zero degrees of freedom for chiA2 test 
Table A3.3 2 Estimated means vs observed means 
Observed Esitmated 
Index Generation Mean Mean Deviation 
1 Romney 3.43 0.31 3.12 
4 Coop Rom 3.88 4.27 -0.39 
5 RomCoop 3.27 4.27 -1.00 
6 OxfordCoo~ 3.11 4.67 -1.56 
Although this kind of results happened very rarely, it is certainly an issue that should be 
dealt with in future modification of the program. One simple solution is to add checking 
routines to check data availability for relevant genotypes before applying corresponding 
parameters into the analysis model. 
A brief user manual 
Only a simple form was provided as the interface of the program. To perform a single 
analysis, users just need to select a trait, up to four breeds and a farm class from a corresponding 
dropdown list and then press the Ok button. The program then reads in correct data set, 
performs analysis, stores results and feedbacks to the users when completes. To perform all 
analyses in one go is even simpler. User just needs to click on a "ProcessAll" button and waits 
till the job is completed. 
Limit and extension suggestion 
The program was developed for the DSS specifically. That means the trait names and 
IDs used for genotypes in the data files (Table A3.1) should match those in files traittxt and 
breed. txt respectively. This is certainly a limit of the program. 
The program is still a stand-alone application but is easily to be incorporated into the 
DSS. To do that properly, program interface should be redesigned according to the DSS system 
requirement. Other genetic models and statistical routines can be also considered for extension. 
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Appendix 4 
List of collated heterosis estimates from literature 
I 
\ 
A list of collated heterosis estimates from worldwide literature was extracted from the 
sheep crossbreeding database (Chapter 3) where only the records for the traits discussed in 
Chapter 5 were projected. The list is displayed in Table A4.1, where Source stands for a 
published paper, Dom_D(%) and Dom_M(%) stands for direct and maternal dominance effects 
respectively (both in % format), G_Mean and G_SE stand from the general mean and standard 
error within the crossbreeding plan where the heterosis estimates were produced. The whole 
table can be found from the database enclosed in the CDRom attached. Percentage format was 
used for the estimates in order to collate as many as possible. The amounts of direct and 
maternal heterosis can be calculated by multiplying G_Mean with Dom_D(%) and Dom_M(%) 
respectively if the associated general means are available. 
Table A4.1 List of collated heterosis estimates from literature 
Trait Breedl Breed2 Source* Dom 0(%) Dom M(%) G Mean G SE 
BWT Rambouillet Malpura 74 32.96 -0.08 
Rambouillet Chokio 74 20.37 0.27 
Blackface Cheviot 75 0.90 
Blackface Welsh 75 -2.40 
Blackface Lincoln 75 -2.10 
Cheviot Welsh 75 0.40 
Cheviot Lincoln 75 -6.50 
Welsh Lincoln 75 0.20 
Dorset Merino 76 3.10 6.90 4.01 0.21 
Dorset Corriedale 76 6.00 14.30 4.01 0.21 
Corriedale Merino 76 -0.70 2.20 4.01 0.21 
Finn Lamon 77 3.89 -11.70 3.60 
Columbia Suffolk 79 6.90 2.90 4.88 0.12 
Columbia Targhee 79 1.40 9.20 4.88 0.12 
Suffolk Targhee 79 5.40 -10.00 4.88 0.12 
Chios Awassi 78 6.44 4.29 3.96 0.03 
Dorset Merino 81 8.00 4.08 0.10 
Dorset Corriedale 81 3.90 4.08 0.10 
Merino Corriedale 81 5.10 4.08 0.10 
Sardi DMan 83 -1.10 -1.80 2.85 0.14 
Romanov DLS 85 -3.72 -2.90 
Finn DLS 85 -3.60 -5.24 
Bord Merino 89 1.50 
Bord Merino 98 4.20 
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(Table A4.1 continued) 
Trait Breedl Breed2 Source* Dom 0(%) Dom M(%) G Mean G SE 
CarcassWt KorMorB KorMorB 88 2.60 16.50 0.20 
Dorset Merino 95 11.20 26.70 0.20 
Dorset Corrledale 95 10.80 26.70 0.20 
Merino Corriedale 95 5.80 26.70 0.20 
Bord Merino 98 13.00 
EMA KorMorB KorMorB 88 2.00 15.90 0.30 
Fat depth Dorset Merino 96 17.50 3.60 0.13 
Dorset Corriedale 96 21.70 3.60 0.13 
Merino Corriedale 96 2.60 3.60 0.13 
LW12 Rambouillet Malpura 74 -8.61 -6.80 
Rambouillet Chokla 74 -13.13 -5.91 
Sardi DMan 83 5.20 -1.10 28.80 1.31 
Bord Merino 89 4.10 
Merino Merino strain 97 -2.30 
LW6 Dorset Merino 76 10.20 6.60 27.71 1.25 
Dorset Corriedale 76 10.70 4.30 27.71 1.25 
Corriedale Merino 76 8.50 -2.10 27.71 1.25 
Sardi DMan 83 2.20 -0.40 22.70 1.11 
WWT Rambouillet Malpura 74 26.51 -0.15 
Rambouillet Chokla 74 22.94 -1.03 
Dorset Merino 76 8.00 13.20 19.90 1.08 
Dorset Corrledale 76 4.90 7.40 19.90 1.08 
Corriedale Merino 76 8.50 0.00 19.90 1.08 
Finn Lamon 77 5.60 -13.80 
Columbia Suffolk 79 -1.60 -0.40 24.50 0.60 
Columbia Targhee 79 3.40 2.20 24.50 0.60 
Suffolk Targhee 79 0.20 -2.50 24.50 0.60 
Chios Awassi 78 9.61 7.09 14.10 0.10 
Sardi DMan 83 2.10 1.80 13.85 0.72 
Suffolk Targhee 84 2.80 5.40 
Bord Merino 89 4.60 
Bord Merino 98 6.40 
Romney Bord 99 0.00 21.50 
Romney Cheviot 99 0.00 21.50 
Romney Merino 99 -2.00 21.50 
Bord Merino 99 3.00 21.50 
Bord Cheviot 99 3.00 21.50 
Cheviot Merino 99 -1.00 21.50 
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(Table A4.1 continued) 
Trait Breedl Breed2 Source* Dom_D(%) Dom_M(%) G_Mean G SE 
HNLW Dorset Merino 81 49.30 0.42 0.08 
Dorset Corriedale 81 23.30 0.42 0.08 
Merino Corriedale 81 78.30 0.42 0.08 
LitSize Blackface Cheviot 75 9.60 
Blackface Welsh 75 -0.10 
Cheviot Welsh 75 2.30 
Finn Lamon 77 4.10 9.00 2.19 
Chios Awassi 78 -10.50 21.40 1.35 0.02 
Finn Suffolk 80 1.10 -10.80 1.65 0.07 
Finn Targhee 80 7.70 -2.10 1.65 0.07 
EF Awassi 82 7.00 1.36 0.03 
Merino strain Merino strain 86 0.00 2.90 1.40 
Finn lie de France 90 9.30 6.70 2.68 1.02 
DMan Sardi 91 -2.00 4.00 1.51 0.07 
DMan Sardi 92 3.50 3.50 1.43 0.06 
Romney Bord 99 16.00 1.34 
Romney Cheviot 99 14.00 1.34 
Romney Merino 99 18.00 1.34 
Bord Merino 99 15.00 1.34 
Bord Cheviot 99 11.00 1.34 
Cheviot Merino 99 18.00 1.34 
Finn Dorset 103 2.40 2.06 0.12 
NLB Finn Lamon 77 7.00 11.70 1.71 
Chios Awassl 78 -8.00 20.60 1.38 0.02 
Finn Suffolk 80 8.30 19.00 1.51 0.07 
Finn Targhee 80 13.90 -4.00 1.51 0.07 
EF Awassi 82 15.40 1.17 0.03 
NLW Finn Lamon 77 21.00 19.60 1.43 
Chios Awassi 78 -4.18 16.30 1.32 0.02 
Dorset Merino 81 29.40 0.66 0.08 
Dorset Corriedale 81 27.80 0.66 0.08 
Merino Corriedale 81 35.60 0.66 0.08 
Dorset Merino 81 41.50 0.82 0.09 
Dorset Corrledale 81 16.90 0.82 0.09 
Merino Corriedale 81 39.20 0.82 0.09 
Merino strain Merino strain 86 7.10 8.20 0.85 
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(Table A4.1 continued) 
Trait Breedl Breed2 Source* Dom_D(%) Dom_M(%) G Mean G SE 
EFDIAM Rambouillet Malpura 73 3.63 
Rambouillet Chokla 73 4.91 
SFMer Romney 9 -8.40 
Merino Romne2:' 9 -0.10 
EFW12 SFMer Romney 9 5.10 
EFW12 Merino Romney 9 12.80 
Romney Bord 99 9.00 3.51 
Romney Cheviot 99 17.00 3.51 
Romney Merino 99 0.00 3.51 
Bord Merino 99 12.00 3.51 
Bord Cheviot 99 2.00 3.51 
Cheviot Merino 99 11.00 3.51 
FDIAM12 Rambouillet Malpura 74 0.95 -2.88 
Rambouillet Chokla 74 9.57 -2.91 
Dorset Merino 87 -0.75 
Dorset Corriedale 87 3.95 
Merino Carriedale 87 2.00 
Merino Merino 97 1.20 
Bord Merino 98 -0.40 
FW12 Bard Merino 98 7.80 
StLgth Rambouillet Malpura 73 29.91 
Rambouillet Chokla 73 7.44 
Rambouillet Malpura 74 28.90 -0.07 
Rambouillet Chokla 74 34.68 -0.07 
Bard Merino 98 -0.40 
SFMer Romney 9 -11.30 
Merino Romne2:' 9 -7.60 
Yield Merino Merino strain 97 -4.80 
Bord Merino 98 3.00 
*: Details of source cited as follows: 
9. (Meikle et at. 1988) 73. (Charyulu and Acharya 1984) 
74. (Singh et at. 1986) 75. (Wiener and Wooliams 1982) 
76. (pitchford and Ch'ang 1990a) 77. (Bittante et at. 1996) 
78. (Mavrogenis 1996) 79. (Rastogi et at. 1982) 
80. (Boylan 1985) 81. (pitchford 1993) 
82. (Gootwine and Goot 1996) 83. (Boujenane et at. 1991a) 
84. (Long et at. 1989) 85. (Fahmy 1996) 
86. (Mortimer and Atkins 1997) 87. (pitchford and Ch'ang 1990b) 
88. (Farid 1989) 89. (Gunawan et al. 1986) 
90. (van Haandel and Visscher 1995) 91. (Boujenane et at. 1991b) 
92. (Boujenane and Bradford 1991) 95. (Ch'ang and Evans 1985) 
96. (Ch'ang and Evans 1986) 97. (purvis 1990) 
98. (McGuirk et at. 1978) 99. (Clarke 1982a) 
103.(Fogarty et at. 1984) 
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Appendix 5 
An example of the simulation model and design matrix 
The framework of the WWT simulation model at ClassNZ and design matrix, also used 
to other simulation models in Chapter 6 (Section 6.2.4), is displayed and explained below. 
D Microsoft EKeel - WWT _Nt' Al'>1~ 
P 
5 9.581 
6 Distributions -0.73 0.90 2.12 0.84 ! 
7 Parameters 4.85 -3.95 -0.91 2.12 0.84 Prediction ITargets OutputSD I 
8 1 A 0 0 0 0 1 0 0 0 0 20.11 19.33 4.03 1 ~ 
405 1 9 2 B 0 1 0 0 0 1 0 0 fL 27.98 29.16 
10 - ~ 0 0 0 0 1 or 0 30.25 28.53 6.03! 3 C 0 1 
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14 7 AxC 0.5 0 0.5 0 0 0 0 0 27.39 i 
15 8 C x A 0.5 0 0.5 0 1 0 ,,- 0 0 0 27.21 30.09 1 9.581 
16 9 A x D 0.5 0 0 0.5 0 0 0 1 0 21 .18 i 17 10 D x A 22.81 ~ 0.5 0 0 0.5 0 0 0 0 21.50 6.09 1 
18 11 B x C 0 0.5 0.5 0 0 0 0 0 32.05 ! 
19 12 C x B 0 0.5 0.5 0 0 1 0 0 0 30.42 ! ! 
20 13 B x D 0 0.5 0 0.5 0 0 0 1 0 25.84 24.35 6. 131 21 14 D x B 0 0.5 0 0.5 0 1 0 0 0 26.02 
22 15 C x D 0 0 0.5 0.5 0 0 0 0 26.16 ! 
23 16 D x C 0 0 0.5 0.5 0 0 1 O~ 1 0 27.97 i 
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Figure AS.1 @Risk model (in Excel style) for WWT simulation model for ClassNZ 
As can be seen from Figure AS.1, the input distribution functions (Section 6.3.1) were 
placed in cells D6 to M6 in row six (cell K6 was left blank in order to implement the restrictive 
condition (Equation 6.4), in correspond to parameters ad} through to dm in row five in Excel 
worksheet "WWT_NZ", where 1 to 4 stands for Romney, Texel, Finn , and Merino respectively. 
The distribution function for cell D6, which referred to the direct additive parameter for 
Romney, was displayed in the Excel formula bar. 
The m value, stored in cell C7, was calculated using Equation 6.2 after sampling from 
ad l to adz. The actual parameter value of adl to adz was calculated using Equation 6.3 after 
each sampling and stored in cells D7 to G7 respectively. The value of each of aml to am3 was 
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the sampled value from the corresponding distribution function, whereas the value of am4 was 
calculated using Equation 6.4. 
The values predicted (column N) for each genotype located in column B, were 
calculated using the coefficients specified in the design matrix (Table AS. I) for that genotype 
and the sampled parameter values. The target values (column 0 ), however, were extracted from 
the regional means for the genotypes within the model that were stored in worksheet "Lookup", 
using the Excel vlookup function. 
The output standard deviations for each pair of predicted values and target data (column 
P) were easily calculated based on the target value in each pair. The maximum value of these 
output values was calculated and stored in cell PS. 
Figure AS.2 showed the simulation results, including input and output variables 
monitored in the simulation, summary results of the simulation overlapped by a histogram graph 
displaying the frequency of the maximum standard deviation values during the simulation. 
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Figure AS.2 @Risk window of the simulation results 
The design matrix (Section 6.2.2) was predefined and used for every simulation model 
in Chapter 6. This is displayed in Table AS.l. 
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T bi AS1 D . t' f a e . eSlgn rna rIX or a 4 b d d I • ree rno e 
m ad1 ad2 ad3 ad4 am1 am2 am3 am4 dd dm 
1 A 1 1 0 0 0 1 0 0 0 0 0 
2 B 1 0 1 0 0 0 1 0 0 0 0 
3 C 1 0 0 1 0 0 0 1 0 0 0 
4 b 1 0 0 0 1 0 0 0 1 0 0 
5 AxB 1 0.5 0.5 0 0 0 1 0 0 1 0 
6 BxA 1 0.5 0.5 0 0 1 0 0 0 1 0 
7 AxC 1 0.5 0 0.5 0 0 0 1 0 1 0 
8 CxA 1 0.5 0 0.5 0 1 0 0 0 1 0 
9 AxD 1 0.5 0 0 0.5 0 0 0 1 1 0 
10 DxA 1 0.5 0 0 0.5 1 0 0 0 1 0 
11 BxC 1 0 0.5 0.5 0 0 0 1 0 1 0 
12 CxB 1 0 0.5 0.5 0 0 1 0 0 1 0 
13 BxD 1 0 0.5 0 0.5 0 0 0 1 1 0 
14 DxB 1 0 0.5 0 0.5 0 1 0 0 1 0 
15 CxD 1 0 0 0.5 0.5 0 0 0 1 1 0 
16 DxC 1 0 0 0.5 0.5 0 0 1 0 1 0 
17 A x B_Rot 1 0.5 0.5 0 0 0.5 0.5 0 0 0 0.67 
18 A xC_Rot 1 0.5 0 0.5 0 0.5 0 0.5 0 0 0.67 
19 A x D_Rot 1 0.5 0 0 0.5 0.5 0 0 0.5 0 0.67 
20 B xC_Rot 1 0 0.5 0.5 0 0 0.5 0.5 0 0 0.67 
21 B x D_Rot 1 0 0.5 0 0.5 0 0.5 0 0.5 0 0.67 
22 C x D Rot 1 0 0 0.5 0.5 0 0 0.5 0.5 0 0.67 
23 A x B_Syn 1 0.5 0.5 0 0 0.5 0.5 0 0 0.5 0.5 
24 A x C_Syn 1 0.5 0 0.5 0 0.5 0 0.5 0 0.5 0.5 
25 A x D_Syn 1 0.5 0 0 0.5 0.5 0 0 0.5 0.5 0.5 
26 B x C_Syn 1 0 0.5 0.5 0 0 0.5 0.5 0 0.5 0.5 
27 Bx D_Syn 1 0 0.5 0 0.5 0 0.5 0 0.5 0.5 0.5 
28 C x D Syn 1 0 0 0.5 0.5 0 0 0.5 0.5 0.5 0.5 
29 A x B_F2 1 0.5 0.5 0 0 0.5 0.5 0 0 0.5 1 
30 A x C_F2 1 0.5 0 0.5 0 0.5 0 0.5 0 0.5 1 
31 A x D_F2 1 0.5 0 0.00 0.5 0.5 0 0 0.5 0.5 1 
32 B x C_F2 1 0 0.5 0.5 0 0 0.5 0.5 0 0.5 1 
33 B x D_F2 1 0 0.5 0 0.5 0 0.5 0 0.5 0.5 1 
34 Cx D F2 1 0 0 0.5 0.5 0 0.00 0.5 0.5 0.5 1 
35 AxAB 1 0.75 0.25 0 '0 0.50 0.50 0 0 0.50 1.00 
36 BxAB 1 0.25 0.75 0 0 0.50 0.50 0 0 0.50 1.00 
37 AxAC 1 0.75 0 0.25 0 0.50 0 0.50 0 0.50 1.00 
38 CxAC 1 0.25 0 0.75 0 0.50 0 0.50 0 0.50 1.00 
39 AxAD 1 0.75 0 0 0.25 0.50 0 0 0.50 0.50 1.00 
40 DxAD 1 0.25 0 0 0.75 0.50 0 0 0.50 0.50 1.00 
41 BxBC 1 0 0.75 0.25 0 0 0.50 0.50 0 0.50 1.00 
42 CxBC 1 0 0.25 0.75 0 0 0.50 0.50 0 0.50 1.00 
43 BxBD 1 0 0.75 0 0.25 0 0.50 0 0.50 0.50 1.00 
44 DxBD 1 0 0.25 0 0.75 0 0.50 0 0.50 0.50 1.00 
45 CxCD 1 0 0 0.75 0.25 0 0 0.50 0.50 0.50 1.00 
46 DxCD 1 0 0 0.25 0.75 0 0 0.50 0.50 0.50 1.00 
162 
Table AS.1 continued 
m ad1 ad2 ada ad4 am1 am2 ama am4 dd dm 
47 AxBC 1 0.50 0.25 0.25 0 0 0.50 0.50 0 1.00 1.00 
48 AxBD 1 0.50 0.25 0 0.25 0 0.50 0 0.50 1.00 1.00 
49 AxCD 1 0.50 0 0.25 0.25 0 0 0.50 0.50 1.00 1.00 
50 BxAC 1 0.25 0.50 0.25 0 0.50 0 0.50 0 1.00 1.00 
51 BxAD 1 0.25 0.50 0 0.25 0.50 0 0 0.50 1.00 1.00 
52 BxCD 1 0 0.50 0.25 0.25 0 0 0.50 0.50 1.00 1.00 
53 CxAB 1 0.25 0.25 0.50 0 0.50 0.50 0 0 1.00 1.00 
54 CxAD 1 0.25 0 0.50 0.25 0.50 0 0 0.50 1.00 1.00 
55 CxBD 1 0 0.25 0.50 0.25 0 0.50 0 0.50 1.00 1.00 
56 DxAB 1 0.25 0.25 0 0.50 0.50 0.50 0 0 1.00 1.00 
57 DxAC 1 0.25 0 0.25 0.50 0.50 0 0.50 0 1.00 1.00 
58 DxBC 1 0 0.25 0.25 0.50 0 0.50 0.50 0 1.00 1.00 
59 ABC_Rot 1 0.33 0.33 0.33 0 0.33 0.33 0.33 0 0.86 0.86 
60 ABD_Rot 1 0.33 0.33 0 0.33 0.33 0.33 0 0.33 0.86 0.86 
61 ACD_Rot 1 0.33 0 0.33 0.33 0.33 0 0.33 0.33 0.86 0.86 
62 BCD Rot 1 0 0.33 0.33 0.33 0 0.33 0.33 0.33 0.86 0.86 
63 ABC_Syn 1 0.33 0.33 0.33 0 0.33 0.33 0.33 0 0.67 0.67 
64 ABD_Syn 1 0.33 0.33 0 0.33 0.33 0.33 0 0.33 0.67 0.67 
65 ACD_Syn 1 0.33 0 0.33 0.33 0.33 0 0.33 0.33 0.67 0.67 
66 BCD Syn 1 0 0.33 0.33 0.33 0 0.33 0.33 0.33 0.67 0.67 
67 ACxBC 1 0.25 0.25 0.50 0 0 0.50 0.50 0.00 0.75 1.00 
68 ACxCD 1 0.25 0 0.50 0.25 0 0 0.50 0.50 0.75 1.00 
69 BCxCD 1 0 0.25 0.50 0.25 0 0 0.50 0.50 0.75 1.00 
70 ADxBD 1 0.25 0.25 0 0.50 0 0.50 0 0.50 0.75 1.00 
71 ADxCD 1 0.25 0 0.25 0.50 0 0.00 0.50 0.50 0.75 1.00 
72 BDxCD 1 0 0.25 0.25 0.50 0 0.00 0.50 0.50 0.75 1.00 
73 ABxAC 1 0.50 0.25 0.25 0 0.50 0 0.50 0 0.75 1.00 
74 ABxAD 1 0.50 0.25 0 0.25 0.50 0 0 0.50 0.75 1.00 
75 ACxAD 1 0.50 0 0.25 0.25 0.50 0 0 0.50 0.75 1.00 
76 ABx BC 1 0.25 0.50 0.25 0 0 0.50 0.50 0.00 0.75 1.00 
77 ABxBD 1 0.25 0.50 0 0,25 0 0.50 0 0.50 0.75 1.00 
78 BCx BD 1 0 0.50 0.25 0.25 0 0.50 0 0.50 0.75 1.00 
79 ABxCD 1 0.25 0.25 0.25 0.25 0 0 0.50 0.50 1.00 1.00 
80 CDxAB 1 0.25 0.25 0.25 0.25 0.50 0.50 0 0 1.00 1.00 
81 ACxBD 1 0.25 0.25 0.25 0.25 0 0.50 0 0.50 1.00 1.00 
82 BDxAC 1 0.25 0.25 0.25 0.25 0.50 0.00 0.50 0 1.00 1.00 
83 ADxBC 1 0.25 0.25 0.25 0.25 0 0.50 0.50 0 1.00 1.00 
84 BCxAD 1 0.25 0.25 0.25 0.25 0.50 0 0 0.50 1.00 1.00 
85 ABCD_Rot 1 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.93 0.93 
86 ABCD Syn 1 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.25 0.75 0.75 
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